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ʄʝʪʦʶ ʢʦʥʬʝʨʝʥʮʽʾ ʻ ʩʧʨʠʷʥʥʷ ʩʧʽʚʧʨʘʮʽ ʤʽʞ ʩʪʫʜʝʥʪʘʤʠ, ʱʦ 

ʚʠʚʯʘʶʪʴ ʩʧʦʨʽʜʥʝʥʽ ʦʙʣʘʩʪʽ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʢʦʤʧôʶʪʝʨʥʠʭ ʥʘʫʢ.  

  

ɻʦʣʦʚʥʽ ʪʝʤʠ: ʽʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʩʠʩʪʝʤʠ, ʢʦʤʧôʶʪʝʨʥʝ 

ʤʦʜʝʣʶʚʘʥʥʷ, ʽʥʞʝʥʝʨʽʷ.  

  

ʆʨʛʘʥʽʟʘʮʽʡʥʠʡ ʢʦʤʽʪʝʪ:  

ɼʠʷʢ ɯʚʘʥ ï ʜʝʢʘʥ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ.  

ɻʦʨʣʘʯ ɺʽʪʘʣʽʡ ï ʟʘʩʪʫʧʥʠʢ ʜʝʢʘʥʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ.  

ʏʚʘʨʪʢʦʚʩʴʢʘ ʉʦʣʦʤʽʷ ï ʛʦʣʦʚʘ ʩʪʫʜʝʥʪʩʴʢʦʾ ʨʘʜʠ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ 

ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ. 

ʋʛʨʠʥ ʉʦʣʦʤʽʷ ï ʩʪʫʜʝʥʪʢʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ 

ɹʘʙôʶʢ ʗʥʘ ï ʩʪʫʜʝʥʪʢʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

ɼʝʤʘ ʅʘʜʽʷ ï ʩʪʫʜʝʥʪʢʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

ʂʘʭʥʦʚʝʮʴ ɸʥʜʨʽʡ ï ʩʪʫʜʝʥʪ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ. 

ɻʦʣʜʦʚʘʥʩʴʢʘ ɭʚʛʝʥʽʷ ï ʩʪʫʜʝʥʪʢʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ. 

ʅʘʚʨʦʮʴʢʠʡ ɸʥʜʨʽʡ ï ʩʪʫʜʝʥʪ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ.  

ʉʘʣʽʡ ɼʟʚʽʥʢʘ ï ʩʪʫʜʝʥʪʢʘ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ 

ʽʥʬʦʨʤʘʪʠʢʠ. 

ʎʽʢʘʣʦ ʄʘʢʩʠʤ ï ʩʪʫʜʝʥʪ ʬʘʢʫʣʴʪʝʪʫ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ  

 

ʅʘʰʽ ʧʘʨʪʥʝʨʠ: 
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ɼʦʥʜʘ ʗʥʘ / Donda Yana       84 
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ʂʦʚʘʣʴ ʄʘʢʩʠʤ / Koval Maksym        76 
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ʂʦʚʪʫʥ ɺʽʪʘʣʽʡ / Kovtun Vitalii      324 
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ʆʨʠʥʯʘʢ ɸʥʘʪʦʣʽʡ / Orynchak Anatolii     97 

ʆʭʨʽʤʯʫʢ ɹʦʛʜʘʥ / Okhrimchuk Bohdan     54 
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ʇʦʯʘʻʚʝʮʴ ɯʨʠʥʘ / Pochaievets Iryna     211 
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ʉʦʣʦʧʘʪʠʯ ʈʦʩʪʠʩʣʘʚ / Solopatych Rostyslav    189 

ʉʪʝʮʠʰʠʥ ɹʦʛʜʘʥ / Stetsyshyn Bohdan     178 
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ʆʇʊʀʄɯɿɸʎɯʗ ɸʈʀʌʄɽʊʀʏʅʀʍ ʆʇɽʈɸʎɯʁ ɺ ɿɸɼɸʏɸʍ 

ʂʈʀʇʊʆɻʈɸʌɯɰ 

ɹʨʫʩ ʍʨʠʩʪʠʥʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

khrystyna.brus@lnu.edu.ua 

ɺʩʪʫʧ 

ʋ ʩʫʯʘʩʥʠʭ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʩʠʩʪʝʤʘʭ ʢʨʠʧʪʦʛʨʘʬʽʯʥʽ ʘʣʛʦʨʠʪʤʠ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʟʘʭʠʩʪʫ ʜʘʥʠʭ ʧʽʜ ʯʘʩ ʧʝʨʝʜʘʚʘʥʥʷ ʧʦʚʽʜʦʤʣʝʥʴ, 

ʝʣʝʢʪʨʦʥʥʠʭ ʧʣʘʪʝʞʽʚ, ʮʠʬʨʦʚʦʛʦ ʜʦʢʫʤʝʥʪʦʦʙʽʛʫ ʪʘ ʨʦʙʦʪʠ ʤʝʨʝʞʝʚʠʭ 

ʩʝʨʚʽʩʽʚ. ɿʥʘʯʥʘ ʯʘʩʪʠʥʘ ʘʩʠʤʝʪʨʠʯʥʠʭ ʢʨʠʧʪʦʩʠʩʪʝʤ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʦʧʝʨʘʮʽʷʭ 

ʟ ʚʝʣʠʢʠʤʠ ʮʽʣʠʤʠ ʯʠʩʣʘʤʠ ʪʘ ʤʦʜʫʣʴʥʽʡ ʘʨʠʬʤʝʪʠʮʽ. ʊʦʤʫ ʰʚʠʜʢʦʜʽʷ ʪʘʢʠʭ 

ʘʣʛʦʨʠʪʤʽʚ, ʷʢ RSA ʪʘ ElGamal, ʩʫʪʪʻʚʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʝʬʝʢʪʠʚʥʦʩʪʽ ʤʥʦʞʝʥʥʷ 

ʚʝʣʠʢʠʭ ʯʠʩʝʣ, ʟʥʘʭʦʜʞʝʥʥʷ ʥʘʡʙʽʣʴʰʦʛʦ ʩʧʽʣʴʥʦʛʦ ʜʽʣʴʥʠʢʘ, ʦʙʯʠʩʣʝʥʥʷ 

ʦʙʝʨʥʝʥʦʛʦ ʝʣʝʤʝʥʪʘ ʪʘ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ ʟʘ ʤʦʜʫʣʝʤ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʘʥʘʣʽʟ ʘʨʠʬʤʝʪʠʯʥʠʭ ʦʧʝʨʘʮʽʡ, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ 

ʚ ʟʘʜʘʯʘʭ ʢʨʠʧʪʦʛʨʘʬʽʾ, ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʩʧʦʩʦʙʽʚ ʾʭ ʦʧʪʠʤʽʟʘʮʽʾ ʜʣʷ ʟʤʝʥʰʝʥʥʷ 

ʯʘʩʫ ʚʠʢʦʥʘʥʥʷ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʧʝʨʝʪʚʦʨʝʥʴ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ὤ ð ʤʥʦʞʠʥʘ ʮʽʣʠʭ ʯʠʩʝʣ, ʘ ὤ ð ʤʥʦʞʠʥʘ ʣʠʰʢʽʚ ʟʘ ʤʦʜʫʣʝʤ n. 

ʋ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʘʣʛʦʨʠʪʤʘʭ ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʚʝʣʠʢʽ ʮʽʣʽ ʯʠʩʣʘ 

ὥȟὦȟὲᶰὤ,    (1) 

ʜʝ ὲ - ʻ ʤʦʜʫʣʝʤ,  

ʘ ὥ ʽ ὦ- ʦʧʝʨʘʥʜʘʤʠ, ʥʘʜ ʷʢʠʤʠ ʚʠʢʦʥʫʶʪʴʩʷ ʘʨʠʬʤʝʪʠʯʥʽ ʜʽʾ. 

ɼʦ ʙʘʟʦʚʠʭ ʦʧʝʨʘʮʽʡ ʷʢʽ ʜʦʩʣʽʜʞʫʚʘʣʠʩʷ ʚ ʨʦʙʦʪʽ ʥʘʣʝʞʘʪʴ: 

ὥ ὦȟὥ ὦȟὥϽὦȟὥάέὨὲȟὫὧὨὥȟὦȟὥ άέὨὲȟὥάέὨὲ          (2) 

ʆʩʦʙʣʠʚʝ ʟʥʘʯʝʥʥʷ ʤʘʻ ʤʦʜʫʣʴʥʝ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ: 

ὧ ὥάέὨὲȟ          (3) 

ʦʩʢʽʣʴʢʠ ʩʘʤʝ ʮʷ ʦʧʝʨʘʮʽʷ ʣʝʞʠʪʴ ʚ ʦʩʥʦʚʽ ʙʘʛʘʪʴʦʭ ʘʣʛʦʨʠʪʤʘʭ 

ʢʨʠʧʪʦʰʠʬʨʫʚʘʥʴ . 

ɼʣʷ RSA ʚʠʙʠʨʘʶʪʴʩʷ ʚʝʣʠʢʽ ʧʨʦʩʪʽ ʯʠʩʣʘ ὴ̔  ή, ʧʽʩʣʷ ʯʦʛʦ ʦʙʯʠʩʣʶʻʪʴʩʷ 

ʤʦʜʫʣʴ: 

ὲ ὴήȟ•ὲ ὴ ρ ή ρ  (4) 

ɺʽʜʢʨʠʪʠʡ ʢʣʶʯ ʤʘʻ ʚʠʛʣʷʜὲȟὩ, ʘ ʟʘʢʨʠʪʠʡ ð ὲȟὨ,  

ʜʝ ὩὨḳράέὨ•ὲ  (5) 
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ʐʠʬʨʫʚʘʥʥʷ ʪʘ ʨʦʟʰʠʬʨʫʚʘʥʥʷ ʚ RSA ʟʘʜʘʶʪʴʩʷ ʬʦʨʤʫʣʘʤʠ: 

ὧ ά άέὨὲȟ (6) 

ά ὧάέὨὲȢ (7) 

ɼʣʷ ʘʣʛʦʨʠʪʤʫ ElGamal ʚʠʙʠʨʘʶʪʴʩʷ ʚʝʣʠʢʝ ʧʨʦʩʪʝ ʯʠʩʣʦ ὴ, ʧʝʨʚʽʩʥʠʡ 

ʝʣʝʤʝʥʪ Ὣ, ʟʘʢʨʠʪʠʡ ʢʣʶʯ ὼʪʘ ʚʽʜʢʨʠʪʠʡ ʢʣʶʯ 

ώ ὫάέὨὴ (8) 

ʇʽʜ ʯʘʩ ʰʠʬʨʫʚʘʥʥʷ ʧʦʚʽʜʦʤʣʝʥʥʷ άʚʠʙʠʨʘʻʪʴʩʷ ʚʠʧʘʜʢʦʚʝ ʯʠʩʣʦ Ὧ, ʧʽʩʣʷ 

ʯʦʛʦ ʦʙʯʠʩʣʶʻʪʴʩʷ ʧʘʨʘ 

̒ ὫάέὨὴ, (9) 

̒ άϽώάέὨὴ, (10) 

ʈʦʟʰʠʬʨʫʚʘʥʥʷ ʚʠʢʦʥʫʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ 

ά ̒Ͻὧȿȿρ άέὨὴ, (11) 

ɿʘʛʘʣʴʥʠʡ ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʢʨʠʧʪʦʛʨʘʬʽʯʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʤʦʞʥʘ ʧʦʜʘʪʠ ʷʢ ʩʫʤʫ 

ʯʘʩʽʚ ʙʘʟʦʚʠʭ ʦʧʝʨʘʮʽʡ: 

Ὕ ὰ ̒Ὕ ὰ ̒Ὕ ὰ ̒Ὕ ὰ ̒Ὕ ὰ ̒Ὕ ὰ (12) 

ʜʝ l ð ʙʽʪʦʚʘ ʜʦʚʞʠʥʘ ʯʠʩʝʣ, ʘ ╣╪▀▀, ╣□◊■ȟ╣▌╬▀ȟ╣░▪○ȟ╣▄●▬ ð ʯʘʩʠ ʚʠʢʦʥʘʥʥʷ 

ʜʦʜʘʚʘʥʥʷ, ʤʥʦʞʝʥʥʷ, ʟʥʘʭʦʜʞʝʥʥʷ ʅʉɼ, ʦʙʯʠʩʣʝʥʥʷ ʦʙʝʨʥʝʥʦʛʦ ʝʣʝʤʝʥʪʘ 

ʪʘ ʤʦʜʫʣʴʥʦʛʦ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ ʚʽʜʧʦʚʽʜʥʦ. 

ɿʘʜʘʯʘ ʦʧʪʠʤʽʟʘʮʽʾ ʧʦʣʷʛʘʻ ʫ ʤʽʥʽʤʽʟʘʮʽʾ ʯʘʩʫ 

╣═■ᴼ□░▪  (13) 

ʟʘ ʫʤʦʚ ʟʙʝʨʝʞʝʥʥʷ ʢʦʨʝʢʪʥʦʩʪʽ ʦʙʯʠʩʣʝʥʴ, ʢʨʠʧʪʦʛʨʘʬʽʯʥʦʾ ʩʪʽʡʢʦʩʪʽ 

ʘʣʛʦʨʠʪʤʫ ʪʘ ʚʠʢʦʥʘʥʥʷ ʚʩʽʭ ʦʧʝʨʘʮʽʡ ʫ ʚʽʜʧʦʚʽʜʥʽʡ ʤʦʜʫʣʴʥʽʡ ʘʨʠʬʤʝʪʠʮʽ. 

ɸʨʠʬʤʝʪʠʯʥʽ ʦʧʝʨʘʮʽʾ ʚ ʢʨʠʧʪʦʛʨʘʬʽʾ 

ʋ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʘʣʛʦʨʠʪʤʘʭ ʚʝʣʠʢʽ ʯʠʩʣʘ ʤʘʶʪʴ ʨʦʟʨʷʜʥʽʩʪʴ, ʱʦ 

ʧʝʨʝʚʠʱʫʻ ʜʦʚʞʠʥʫ ʤʘʰʠʥʥʦʛʦ ʩʣʦʚʘ, ʪʦʤʫ ʜʣʷ ʾʭ ʦʧʨʘʮʶʚʘʥʥʷ ʧʦʪʨʽʙʥʽ 

ʩʧʝʮʽʘʣʴʥʽ ʘʣʛʦʨʠʪʤʠ. ʅʘʡʧʨʦʩʪʽʰʠʤʠ ʦʧʝʨʘʮʽʷʤʠ ʻ ʜʦʜʘʚʘʥʥʷ ʪʘ ʚʽʜʥʽʤʘʥʥʷ, 

ʦʜʥʘʢ ʦʩʥʦʚʥʝ ʦʙʯʠʩʣʶʚʘʣʴʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ ʩʪʚʦʨʶʶʪʴ ʤʥʦʞʝʥʥʷ, ʜʽʣʝʥʥʷ, 

ʟʥʘʭʦʜʞʝʥʥʷ ʅʉɼ, ʦʙʯʠʩʣʝʥʥʷ ʦʙʝʨʥʝʥʦʛʦ ʝʣʝʤʝʥʪʘ ʪʘ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ. 

ʄʥʦʞʝʥʥʷ ʚʝʣʠʢʠʭ ʯʠʩʝʣ ʻ ʦʩʥʦʚʦʶ ʤʦʜʫʣʴʥʦʛʦ ʤʥʦʞʝʥʥʷ ʪʘ 

ʤʦʜʫʣʴʥʦʛʦ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ. ɿʥʘʭʦʜʞʝʥʥʷ ʅʉɼ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ, 

ʟʦʢʨʝʤʘ, ʧʽʜ ʯʘʩ ʧʝʨʝʚʽʨʢʠ ʚʟʘʻʤʥʦʾ ʧʨʦʩʪʦʪʠ ʯʠʩʝʣ ʫ ʧʦʙʫʜʦʚʽ ʢʣʶʯʽʚ RSA. 

ʆʙʝʨʥʝʥʠʡ ʝʣʝʤʝʥʪ ʟʘ ʤʦʜʫʣʝʤ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʨʠ ʨʦʟʰʠʬʨʫʚʘʥʥʽ ʚ 

ElGamal ʽ ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʧʨʠʚʘʪʥʦʛʦ ʧʦʢʘʟʥʠʢʘ RSA. ʄʦʜʫʣʴʥʝ ʧʽʜʥʝʩʝʥʥʷ 

ʜʦ ʩʪʝʧʝʥʷ ʻ ʥʘʡʙʽʣʴʰ ʟʘʪʨʘʪʥʦʶ ʦʧʝʨʘʮʽʻʶ, ʦʩʢʽʣʴʢʠ ʬʘʢʪʠʯʥʦ ʟʚʦʜʠʪʴʩʷ ʜʦ 

ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʤʦʜʫʣʴʥʠʭ ʤʥʦʞʝʥʴ. 
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ʄʝʪʦʜʠ ʦʧʪʠʤʽʟʘʮʽʾ 

ɼʣʷ ʟʤʝʥʰʝʥʥʷ ʯʘʩʫ ʚʠʢʦʥʘʥʥʷ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʦʙʯʠʩʣʝʥʴ 

ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʪʘʢʽ ʧʽʜʭʦʜʠ. 

ɹʽʥʘʨʥʝ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ ʜʦʟʚʦʣʷʻ ʟʘʤʽʥʠʪʠ ʧʨʷʤʝ ʦʙʯʠʩʣʝʥʥʷ ὥ 

ʧʦʩʣʽʜʦʚʥʽʩʪʶ ʢʚʘʜʨʘʪʫʚʘʥʴ ʽ ʤʥʦʞʝʥʴ. ʗʢʱʦ 

▓ ▓◄▓◄ ȢȢȢ▓▓  (14) 

ʪʦ ʩʪʝʧʽʥʴ ʤʦʞʥʘ ʧʦʜʘʪʠ ʫ ʚʠʛʣʷʜʽ 

╪▓ ╪▓ ╪▓ ȣ╪▓◄
◄

 (15) 

ʎʝ ʽʩʪʦʪʥʦ ʟʤʝʥʰʫʻ ʢʽʣʴʢʽʩʪʴ ʤʥʦʞʝʥʴ ʧʦʨʽʚʥʷʥʦ ʟ ʧʨʷʤʠʤ ʧʽʜʥʝʩʝʥʥʷʤ ʜʦ 

ʩʪʝʧʝʥʷ. 

ɽʬʝʢʪʠʚʥʘ ʤʦʜʫʣʴʥʘ ʘʨʠʬʤʝʪʠʢʘ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʪʦʤʫ, ʱʦ ʧʨʦʤʽʞʥʽ 

ʨʝʟʫʣʴʪʘʪʠ ʨʝʛʫʣʷʨʥʦ ʟʚʦʜʷʪʴʩʷ ʟʘ ʤʦʜʫʣʝʤ. ʅʘʧʨʠʢʣʘʜ, 

╪Ͻ╫□▫▀▪ ╪□▫▀▪╫□▫▀▪□▫▀▪ (16) 

ʎʝ ʜʘʻ ʟʤʦʛʫ ʦʙʤʝʞʫʚʘʪʠ ʨʦʟʤʽʨʠ ʧʨʦʤʽʞʥʠʭ ʯʠʩʝʣ ʽ ʟʤʝʥʰʫʚʘʪʠ 

ʚʠʪʨʘʪʠ ʧʘʤôʷʪʽ. 

ʈʝʜʫʢʮʽʷ ɹʘʨʨʝʪʪʘ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʨʠʩʢʦʨʝʥʥʷ ʦʧʝʨʘʮʽʾ ʟʚʝʜʝʥʥʷ 

ʟʘ ʤʦʜʫʣʝʤ, ʢʦʣʠ ʧʦʪʨʽʙʥʦ ʙʘʛʘʪʦʨʘʟʦʚʦ ʚʠʢʦʥʫʚʘʪʠ ʜʽʣʝʥʥʷ ʟ ʦʩʪʘʯʝʶ ʟʘ ʪʠʤ 

ʩʘʤʠʤ ʤʦʜʫʣʝʤ. ʆʩʥʦʚʥʘ ʽʜʝʷ ʧʦʣʷʛʘʻ ʫ ʧʦʧʝʨʝʜʥʴʦʤʫ ʦʙʯʠʩʣʝʥʥʽ 

ʜʦʧʦʤʽʞʥʦʛʦ ʢʦʝʬʽʮʽʻʥʪʘ ʜʣʷ ʟʘʤʽʥʠ ʧʦʚʥʦʛʦ ʜʽʣʝʥʥʷ ʥʘʙʣʠʞʝʥʠʤ 

ʤʥʦʞʝʥʥʷʤ. 

ʄʝʪʦʜ ʄʦʥʛʦʤʝʨʽ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʤʦʜʫʣʴʥʦʛʦ 

ʤʥʦʞʝʥʥʷ, ʦʩʦʙʣʠʚʦ ʚ ʧʦʩʣʽʜʦʚʥʦʩʪʷʭ, ʱʦ ʚʠʥʠʢʘʶʪʴ ʧʽʜ ʯʘʩ ʤʦʜʫʣʴʥʦʛʦ 

ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ.  

ʆʧʪʠʤʽʟʘʮʽʷ ʦʧʝʨʘʮʽʡ ʟ ʚʝʣʠʢʠʤʠ ʯʠʩʣʘʤʠ ʪʘʢʦʞ ʚʢʣʶʯʘʻ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʰʚʠʜʰʠʭ ʘʣʛʦʨʠʪʤʽʚ ʤʥʦʞʝʥʥʷ, ʟʦʢʨʝʤʘ ʘʣʛʦʨʠʪʤʫ ʂʘʨʘʮʫʙʠ, ToomïCook ʪʘ 

ʧʽʜʭʦʜʽʚ, ʧʦʚôʷʟʘʥʠʭ ʟʽ ʰʚʠʜʢʠʤ ʧʝʨʝʪʚʦʨʝʥʥʷʤ ʌʫʨôʻ. ʋ ʢʦʥʪʝʢʩʪʽ RSA ʪʘ 

ElGamal ʮʽ ʤʝʪʦʜʠ ʚʘʞʣʠʚʽ ʪʦʤʫ, ʱʦ ʤʥʦʞʝʥʥʷ ʻ ʙʘʟʦʚʦʶ ʩʢʣʘʜʦʚʦʶ 

ʤʦʜʫʣʴʥʦʛʦ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ. 
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ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ʆʢʨʝʤʦ ʙʫʣʦ ʧʦʨʽʚʥʷʥʦ ʯʘʩ ʨʦʙʦʪʠ RSA ʪʘ ElGamal, ʭʦʯʫ ʟʘʫʚʘʞʠʪʠ, ʱʦ ʯʘʩ 

ʚʠʢʦʥʘʥʥʷ ʟʘʣʝʞʠʪʴ ʚʽʜ ʧʨʦʮʝʩʦʨʘ, ʧʘʤôʷʪʽ ʪʘ ʨʝʘʣʽʟʘʮʽʾ ʢʦʜʫ 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʯʘʩʫ ʨʦʙʦʪʠ RSA ʪʘ ElGamal 

ʆʙʩʷʛ ʜʘʥʠʭ RSA, ʩ RSA, ʩ ʐʚʠʜʰʠʡ 

ʘʣʛʦʨʠʪʤ 

1 ʄɹ 28.345 174.969 RSA 

10 ʄɹ 369.009 1749.688 RSA 

100 ʄɹ 3690.087 17496.878 RSA 

ʋ ʚʩʽʭ ʨʦʟʛʣʷʥʫʪʠʭ ʚʠʧʘʜʢʘʭ RSA ʧʦʢʘʟʘʚ ʤʝʥʰʠʡ ʟʘʛʘʣʴʥʠʡ ʯʘʩ 

ʚʠʢʦʥʘʥʥʷ, ʥʽʞ ElGamal. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʚ ElGamal ʜʣʷ ʢʦʞʥʦʛʦ 

ʙʣʦʢʫ ʧʦʚʽʜʦʤʣʝʥʥʷ ʚʠʢʦʥʫʻʪʴʩʷ ʙʽʣʴʰʝ ʦʧʝʨʘʮʽʡ ʤʦʜʫʣʴʥʦʛʦ ʧʽʜʥʝʩʝʥʥʷ ʜʦ 

ʩʪʝʧʝʥʷ, ʘ ʰʠʬʨʦʪʝʢʩʪ ʬʦʨʤʫʻʪʴʩʷ ʷʢ ʧʘʨʘ ʟʥʘʯʝʥʴ ╬ȟ╬ , ʱʦ ʟʙʽʣʴʰʫʻ ʦʙʩʷʛ 

ʨʝʟʫʣʴʪʘʪʫ. 

ʊʘʢʦʞ ʫ ʨʦʙʦʪʽ ʚʠʢʦʨʠʩʪʘʥʦ ʪʝʦʨʝʪʠʯʥʫ ʦʮʽʥʢʫ ʯʘʩʫ ʜʣʷ ʦʙʩʷʛʫ 1 ʊɹ ʥʘ 

ʦʩʥʦʚʽ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʜʣʷ 100 ʄɹ: 

╣ ╣║ ╣ ╜║Ͻ
╣║

╜║
 (17) 

ʆʩʢʽʣʴʢʠ ╣║ ╜║ȟ (18) 

ʪʦ ╣ ╣║ Ȣ Ͻ╣ ╜║ (19) 

 ʊʘʙʣ. 3. ʊʝʦʨʝʪʠʯʥʘ ʦʮʽʥʢʘ ʯʘʩʫ ʚʠʢʦʥʘʥʥʷ ʜʣʷ ʦʙʩʷʛʫ 1 ʊɹ 

ɸʣʛʦʨʠʪʤ ʘʙʦ 

ʦʧʝʨʘʮʽʷ 

100 ʄɹ, ʩ 1 ʊɹ, ʩ 1 ʊɹ, ʛʦʜ 

RSA 3690.087 38693369.492 10748.158 
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ElGamal 17496.878 183468062.409 50963.351 

ʄʦʜʫʣʴʥʝ 

ʧʽʜʥʝʩʝʥʥʷ ʜʦ 

ʩʪʝʧʝʥʷ 

18.102 189813.427 52.726 

ʆʪʨʠʤʘʥʽ ʦʮʽʥʢʠ ʧʦʢʘʟʫʶʪʴ, ʱʦ ʧʨʷʤʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʩʠʤʝʪʨʠʯʥʠʭ 

ʘʣʛʦʨʠʪʤʽʚ ʜʣʷ ʰʠʬʨʫʚʘʥʥʷ ʚʝʣʠʢʠʭ ʬʘʡʣʽʚ ʻ ʦʙʯʠʩʣʶʚʘʣʴʥʦ ʟʘʪʨʘʪʥʠʤ. ʊʦʤʫ 

RSA ʪʘ ElGamal ʜʦʮʽʣʴʥʽʰʝ ʟʘʩʪʦʩʦʚʫʚʘʪʠ ʜʣʷ ʰʠʬʨʫʚʘʥʥʷ ʢʣʶʯʽʚ ʘʙʦ 

ʥʝʚʝʣʠʢʠʭ ʙʣʦʢʽʚ ʜʘʥʠʭ, ʘ ʦʩʥʦʚʥʠʡ ʦʙʩʷʛ ʽʥʬʦʨʤʘʮʽʾ ʰʠʬʨʫʚʘʪʠ 

ʩʠʤʝʪʨʠʯʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ. 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʦʙʦʪʽ ʨʦʟʛʣʷʥʫʪʦ ʘʨʠʬʤʝʪʠʯʥʽ ʦʧʝʨʘʮʽʾ, ʱʦ ʣʝʞʘʪʴ ʚ ʦʩʥʦʚʽ ʘʩʠʤʝʪʨʠʯʥʠʭ 

ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ RSA ʪʘ ElGamal. ʇʦʢʘʟʘʥʦ, ʱʦ ʥʘʡʙʽʣʴʰʠʡ ʚʧʣʠʚ 

ʥʘ ʰʚʠʜʢʦʜʽʶ ʤʘʶʪʴ ʤʥʦʞʝʥʥʷ ʚʝʣʠʢʠʭ ʯʠʩʝʣ, ʟʥʘʭʦʜʞʝʥʥʷ ʦʙʝʨʥʝʥʦʛʦ 

ʝʣʝʤʝʥʪʘ ʪʘ ʤʦʜʫʣʴʥʝ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ. ʉʘʤʝ ʮʽ ʦʧʝʨʘʮʽʾ ʬʦʨʤʫʶʪʴ 

ʦʩʥʦʚʥʝ ʦʙʯʠʩʣʶʚʘʣʴʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ ʧʽʜ ʯʘʩ ʰʠʬʨʫʚʘʥʥʷ ʽ ʨʦʟʰʠʬʨʫʚʘʥʥʷ. 

ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʦʙʯʠʩʣʝʥʴ ʜʦʮʽʣʴʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʙʽʥʘʨʥʝ 

ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ, ʝʬʝʢʪʠʚʥʝ ʤʦʜʫʣʴʥʝ ʤʥʦʞʝʥʥʷ, ʨʝʜʫʢʮʽʶ ɹʘʨʨʝʪʪʘ, 

ʤʝʪʦʜ ʄʦʥʛʦʤʝʨʽ ʪʘ ʰʚʠʜʢʽ ʘʣʛʦʨʠʪʤʠ ʨʦʙʦʪʠ ʟ ʚʝʣʠʢʠʤʠ ʯʠʩʣʘʤʠ. ʏʠʩʝʣʴʥʽ 

ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʽʜʪʚʝʨʜʠʣʠ, ʱʦ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʦʙʩʷʛʫ ʜʘʥʠʭ ʯʘʩ ʚʠʢʦʥʘʥʥʷ 

ʘʩʠʤʝʪʨʠʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ ʰʚʠʜʢʦ ʟʨʦʩʪʘʻ. ʋ ʧʨʦʚʝʜʝʥʦʤʫ ʧʦʨʽʚʥʷʥʥʽ RSA 

ʚʠʷʚʠʚʩʷ ʰʚʠʜʰʠʤ ʟʘ ElGamal, ʦʜʥʘʢ ʦʙʠʜʚʘ ʘʣʛʦʨʠʪʤʠ ʟʘʣʠʰʘʶʪʴʩʷ 

ʟʘʪʨʘʪʥʠʤʠ ʜʣʷ ʧʨʷʤʦʛʦ ʰʠʬʨʫʚʘʥʥʷ ʚʝʣʠʢʠʭ ʦʙʩʷʛʽʚ ʽʥʬʦʨʤʘʮʽʾ. 

ʆʪʞʝ, ʦʧʪʠʤʽʟʘʮʽʷ ʘʨʠʬʤʝʪʠʯʥʠʭ ʦʧʝʨʘʮʽʡ ʻ ʚʘʞʣʠʚʦʶ ʫʤʦʚʦʶ 

ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʘʣʛʦʨʠʪʤʽʚ, ʦʩʦʙʣʠʚʦ ʚ ʟʘʜʘʯʘʭ, ʜʝ 

ʙʘʛʘʪʦʨʘʟʦʚʦ ʚʠʢʦʥʫʶʪʴʩʷ ʤʦʜʫʣʴʥʽ ʤʥʦʞʝʥʥʷ ʪʘ ʧʽʜʥʝʩʝʥʥʷ ʜʦ ʩʪʝʧʝʥʷ ʟʘ 

ʤʦʜʫʣʝʤ. 
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ʄɽʊʆɼʀ ʊʈɯɸʅɻʋʃʗʎɯɰ ʋ ɿɸɼɸʏɸʍ ʌʆʈʄʆʋʊɺʆʈɽʅʅʗ 

ʃʽʣʽʷ ɻʦʰʦʚʩʴʢʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

lilyahoshovska@gmail.com 

ɺʩʪʫʧ 

ʋ ʟʘʜʘʯʘʭ ʢʦʤʧôʶʪʝʨʥʦʾ ʛʨʘʬʽʢʠ ʪʘ ʯʠʩʝʣʴʥʦʛʦ ʤʦʜʝʣʶʚʘʥʥʷ ʚʘʞʣʠʚʦʶ 

ʻ ʧʦʙʫʜʦʚʘ ʜʠʩʢʨʝʪʥʦʛʦ ʧʦʜʘʥʥʷ ʧʦʚʝʨʭʦʥʴ, ʦʩʢʽʣʴʢʠ ʾʭ ʘʥʘʣʽʪʠʯʥʠʡ ʦʧʠʩ ʥʝ 

ʟʘʚʞʜʠ ʻ ʟʨʫʯʥʠʤ ʜʣʷ ʧʨʘʢʪʠʯʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ. ʆʜʥʠʤ ʽʟ ʥʘʡʙʽʣʴʰ 

ʝʬʝʢʪʠʚʥʠʭ ʧʽʜʭʦʜʽʚ ʻ ʪʨʽʘʥʛʫʣʷʮʽʷ ð ʨʦʟʙʠʪʪʷ ʧʦʚʝʨʭʥʽ ʥʘ ʩʫʢʫʧʥʽʩʪʴ 

ʪʨʠʢʫʪʥʠʢʽʚ, ʷʢʽ ʥʝ ʧʝʨʝʪʠʥʘʶʪʴʩʷ.  ʎʝ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʶʚʘʪʠ ʦʙôʻʢʪʠ ʩʢʣʘʜʥʦʾ 

ʬʦʨʤʠ ʪʘ ʚʠʢʦʥʫʚʘʪʠ ʦʙʯʠʩʣʝʥʥʷ. ʗʢʽʩʪʴ ʧʦʙʫʜʦʚʘʥʦʾ ʩʽʪʢʠ ʙʝʟʧʦʩʝʨʝʜʥʴʦ 

ʚʧʣʠʚʘʻ ʥʘ ʪʦʯʥʽʩʪʴ ʘʧʨʦʢʩʠʤʘʮʽʾ ʪʘ ʩʪʽʡʢʽʩʪʴ ʯʠʩʝʣʴʥʠʭ ʤʝʪʦʜʽʚ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ʟʘʜʘʥʘ ʧʦʚʝʨʭʥʷ ʫ ʚʠʛʣʷʜʽ: 

ᾀ ὪὼȟώȟὼȟώᶰὈȟ 

ʪʘʢʦʞ ʤʦʞʥʘ ʨʦʟʛʣʷʜʘʪʠ ʤʥʦʞʠʥʫ ʪʦʯʦʢ: 

ὖ ὼȟώȟᾀ Ȣ 

ʅʝʦʙʭʽʜʥʦ ʧʦʙʫʜʫʚʘʪʠ ʪʨʽʘʥʛʫʣʷʮʽʶ: 

Ὕ ὖȟὖȟὖ ȟ 

ʷʢʘ ʬʦʨʤʫʻ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʫ ʘʧʨʦʢʩʠʤʘʮʽʶ ʧʦʚʝʨʭʥʽ. 

ʆʩʥʦʚʥʽ ʚʠʤʦʛʠ ʜʦ ʩʽʪʢʠ: 

¶ ʟʚôʷʟʥʽʩʪʴ ʪʘ ʚʽʜʩʫʪʥʽʩʪʴ ʩʘʤʦʧʝʨʝʪʠʥʽʚ;  

¶ ʫʟʛʦʜʞʝʥʽʩʪʴ ʪʨʠʢʫʪʥʠʢʽʚ;  
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¶ ʤʽʥʽʤʽʟʘʮʽʷ ʧʦʭʠʙʢʠ ʘʧʨʦʢʩʠʤʘʮʽʾ.  

ʇʦʭʠʙʢʘ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʧʦʚʝʨʭʥʽ ʦʮʽʥʶʻʪʴʩʷ ʷʢ: 

 

Ὁ Ḁ Ὢὼȟώ Ὢͮὼȟώ ὨὼὨώ, 

ʜʝ: 

Ὀ “ȟ“ “ȟ“ 

(1) 

 

 

ʈʠʩ. 1. ʊʨʽʘʥʛʫʣʷʮʽʡʥʘ ʩʽʪʢʘ, ʱʦ ʘʧʨʦʢʩʠʤʫʻ ʧʦʚʝʨʭʥʶ 

 

ʆʩʥʦʚʥʽ ʤʘʪʝʤʘʪʠʯʥʽ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ 

ʅʝʭʘʡ ʟʘʜʘʥʦ ʪʨʠʢʫʪʥʠʢ ʟ ʚʝʨʰʠʥʘʤʠ ὃȟὄȟὅ. ʊʦʜʽ ʧʣʦʱʘ ʚʠʟʥʘʯʘʻʪʴʩʷ 

ʪʘʢ: 

Ὓ
ρ

ς
ȿὃὄᴆ ὃὅᴆȿȢ 

ɼʦʚʞʠʥʘ ʨʝʙʨʘ: 

ὰ  

ʃʦʢʘʣʴʥʘ ʘʧʨʦʢʩʠʤʘʮʽʷ ʧʦʚʝʨʭʥʽ: 

ᾀ ὥὼὦώὧȢ 

ʗʢʽʩʪʴ ʪʨʠʢʫʪʥʠʢʘ ʦʮʽʥʶʻʪʴʩʷ ʤʽʥʽʤʘʣʴʥʠʤ ʢʫʪʦʤ: 

‌ άὭὲ ‌ȟ‍ȟ‎ȟ 

ʪʘ ʢʦʝʬʽʮʽʻʥʪʦʤ ʬʦʨʤʠ: 

ή
Ὑ

ὶ
Ȣ 

ʄʝʪʦʜ ɼʝʣʦʥʝ 

ʄʝʪʦʜ ɼʝʣʦʥʝ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʦʙʫʜʦʚʠ ʪʨʽʘʥʛʫʣʷʮʽʾ ʤʥʦʞʠʥʠ 

ʪʦʯʦʢ ʟ ʤʝʪʦʶ ʦʪʨʠʤʘʥʥʷ ʷʢʽʩʥʦʾ ʩʽʪʢʠ ʜʣʷ ʧʦʜʘʣʴʰʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʧʦʚʝʨʭʥʽ. 
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ʆʩʥʦʚʥʘ ʫʤʦʚʘ ʤʝʪʦʜʫ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʞʦʜʥʘ ʪʦʯʢʘ ʥʝ ʣʝʞʠʪʴ ʚʩʝʨʝʜʠʥʽ 

ʦʧʠʩʘʥʦʛʦ ʢʦʣʘ ʙʫʜʴ-ʷʢʦʛʦ ʪʨʠʢʫʪʥʠʢʘ. ɺʠʢʦʥʘʥʥʷ ʮʽʻʾ ʫʤʦʚʠ ʟʘʙʝʟʧʝʯʫʻ 

ʤʘʢʩʠʤʽʟʘʮʽʶ ʤʽʥʽʤʘʣʴʥʦʛʦ ʢʫʪʘ ʪʨʠʢʫʪʥʠʢʽʚ, ʱʦ ʜʦʟʚʦʣʷʻ ʫʥʠʢʘʪʠ 

ʚʠʪʷʛʥʫʪʠʭ ʝʣʝʤʝʥʪʽʚ ʪʘ ʧʽʜʚʠʱʫʻ ʪʦʯʥʽʩʪʴ ʯʠʩʝʣʴʥʠʭ ʦʙʯʠʩʣʝʥʴ. 

ʂʨʠʪʝʨʽʡ ɼʝʣʦʥʝ ʟʘʜʘʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʚʠʟʥʘʯʥʠʢʘ: 

ὨὩὸ 

ở

Ở
ờ
ὼ ώ ὼ ώ ρ

ὼ ώ ὼ ώ ρ

ὼ ώ ὼ ώ ρ

ὼ ώ ὼ ώ ρỢ

ỡ
Ỡ

π 

 

 

(2) 

ɼʘʥʠʡ ʢʨʠʪʝʨʽʡ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʚʠʢʦʥʘʥʥʷ ʫʤʦʚʠ 

ɼʝʣʦʥʝ ʧʨʠ ʧʦʙʫʜʦʚʽ ʪʨʽʘʥʛʫʣʷʮʽʾ. 

ʇʦʙʫʜʦʚʘ ʪʨʽʘʥʛʫʣʷʮʽʾ ʚʠʢʦʥʫʻʪʴʩʷ ʽʥʢʨʝʤʝʥʪʘʣʴʥʠʤ ʘʣʛʦʨʠʪʤʦʤ, ʱʦ 

ʚʢʣʶʯʘʻ: 

1. ʧʦʙʫʜʦʚʫ ʧʦʯʘʪʢʦʚʦʾ ʩʽʪʢʠ;  

2. ʜʦʜʘʚʘʥʥʷ ʥʦʚʠʭ ʪʦʯʦʢ;  

3. ʣʦʢʘʣʴʥʫ ʧʝʨʝʙʫʜʦʚʫ ʪʨʠʢʫʪʥʠʢʽʚ;  

4. ʬʦʨʤʫʚʘʥʥʷ ʥʦʚʠʭ ʝʣʝʤʝʥʪʽʚ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʢʨʠʪʝʨʽʶ ɼʝʣʦʥʝ.  

ʆʪʨʠʤʘʥʘ ʪʨʽʘʥʛʫʣʷʮʽʷ ʟʘʙʝʟʧʝʯʫʻ ʨʽʚʥʦʤʽʨʥʽʰʽ ʪʨʠʢʫʪʥʠʢʠ ʪʘ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ 

ʧʦʚʝʨʭʥʽ. 

 

 
ʈʠʩ. 2.  ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʘ 

ʘʧʨʦʢʩʠʤʘʮʽʷ ʧʦʚʝʨʭʥʽ 

 

 
ʈʠʩ. 3. ʊʨʽʘʥʛʫʣʷʮʽʷ ɼʝʣʦʥʝ 

 

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ʈʦʟʛʣʷʥʫʪʦ ʪʝʩʪʦʚʫ ʬʫʥʢʮʽʶ: 

ᾀ ίὭὲὼὧέίώȟὼȟώ  ɴ
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ʈʠʩ. 4. ʊʝʩʪʦʚʘ ʧʦʚʝʨʭʥʷ 

 
ʈʠʩ. 5. ʂʘʨʪʘ ʧʦʭʠʙʢʠ 

 

ɹʫʣʦ ʧʦʙʫʜʦʚʘʥʦ ʪʨʽʘʥʛʫʣʷʮʽʶ ʜʣʷ ʨʽʚʥʦʤʽʨʥʦʾ ʩʽʪʢʠ ὔ ςτ. 

ʆʪʨʠʤʘʥʦ: 

ὓὃὉ πȢππυψσȟὙὓὛὉπȢππχρπȟὉ πȢπρχππȢ 

ɸʥʘʣʽʟ ʪʦʯʥʦʩʪʽ ʧʨʠ ʟʛʫʱʝʥʥʽ ʩʽʪʢʠ 

ɿʽ ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʚʫʟʣʽʚ ʧʦʭʠʙʢʘ ʟʤʝʥʰʫʻʪʴʩʷ: 

 

ʊʘʙʣ. 1. ɿʘʣʝʞʥʽʩʪʴ ʧʦʭʠʙʢʠ ʚʽʜ ʢʽʣʴʢʦʩʪʽ ʚʫʟʣʽʚ 

N MAE  RMSE Ὁ  

8 0.0455 0.0605 0.1457 

12 0.0229 0.0282 0.0668 

16 0.0125 0.0155 0.0379 

24 0.0058 0.0071 0.0170 

32 0.0032 0.0039 0.0096 

 

ʈʠʩ. 6. ɿʘʣʝʞʥʽʩʪʴ ʧʦʭʠʙʢʠ ʚʽʜ ʛʫʩʪʠʥʠ ʩʽʪʢʠ 
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ʆʢʨʽʤ ʛʫʩʪʠʥʠ ʩʽʪʢʠ, ʥʘ ʪʦʯʥʽʩʪʴ ʘʧʨʦʢʩʠʤʘʮʽʾ ʩʫʪʪʻʚʦ ʚʧʣʠʚʘʻ ʭʘʨʘʢʪʝʨ 

ʨʦʟʧʦʜʽʣʫ ʚʫʟʣʽʚ. ɹʫʣʦ ʨʦʟʛʣʷʥʫʪʦ ʨʽʚʥʦʤʽʨʥʠʡ ʪʘ ʚʠʧʘʜʢʦʚʠʡ ʨʦʟʧʦʜʽʣʠ 

ʪʦʯʦʢ. 

ʈʽʚʥʦʤʽʨʥʠʡ ʨʦʟʧʦʜʽʣ ʟʘʙʝʟʧʝʯʫʻ ʙʽʣʴʰ ʨʝʛʫʣʷʨʥʫ ʩʪʨʫʢʪʫʨʫ 

ʪʨʠʢʫʪʥʠʢʽʚ, ʱʦ ʩʧʨʠʷʻ ʟʤʝʥʰʝʥʥʶ ʧʦʭʠʙʢʠ. ʋ ʚʠʧʘʜʢʫ ʚʠʧʘʜʢʦʚʦʛʦ 

ʨʦʟʧʦʜʽʣʫ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʥʝʨʽʚʥʦʤʽʨʥʽʩʪʴ ʩʽʪʢʠ, ʱʦ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʣʦʢʘʣʴʥʠʭ 

ʟʙʽʣʴʰʝʥʴ ʧʦʭʠʙʢʠ. 

ɼʣʷ ʧʦʨʽʚʥʷʥʥʷ ʦʪʨʠʤʘʥʦ: 

ὓὃὉ πȢππυψσȟὓὃὉ πȢπρςχσȢ 

ʆʪʞʝ, ʨʽʚʥʦʤʽʨʥʠʡ ʨʦʟʧʦʜʽʣ ʪʦʯʦʢ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʪʦʯʥʽʩʪʴ ʘʧʨʦʢʩʠʤʘʮʽʾ 

ʧʦʚʝʨʭʥʽ. 

 

ʈʠʩ. 7. ʇʦʨʽʚʥʷʥʥʷ ʧʦʭʠʙʦʢ ʜʣʷ ʨʽʟʥʠʭ ʨʦʟʧʦʜʽʣʽʚ ʪʦʯʦʢ 

 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Watson D. F. Computing the n-dimensional Delaunay tessellation with 

application to Voronoi polytopes // The Computer Journal. ï 1981. ï Vol. 

24, No. 2. ï P. 167ï172.  

2. de Berg M. Computational Geometry: Algorithms and Applications / M. 

de Berg, O. Cheong, M. van Kreveld, M. Overmars. ï 3rd ed. ï Berlin: 

Springer, 2008. ï P. 191ï215. 

3. ʄʘʮʝʥʢʦ ɺ. ʄ. ʂʦʤʧôʶʪʝʨʥʘ ʛʨʘʬʽʢʘ. ï ʏʝʨʥʽʛʽʚ: ʏʅʊʋ, 2016. ï ʉ. 

179ï182.  
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ʇʆʈɯɺʅʗʃʔʅʀʁ ɸʅɸʃɯɿ ʇʆʂɸɼʈʆɺʀʍ ʊɸ ʇʆʉʃɯɼʆɺʅʀʍ 

ʄʆɼɽʃɽʁ ɼʃʗ ʂʃɸʉʀʌɯʂɸʎɯɰ ɺɯɼɽʆɼɸʅʀʍ 

ʉʦʬʽʷ-ʄʘʨʽʷ ʍʘʱʝʚʩʴʢʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʘʣʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

sofiiamariia.khashchevska@lnu.edu.ua 

ɺʩʪʫʧ 

ʂʣʘʩʠʬʽʢʘʮʽʷ ʚʽʜʝʦʜʘʥʠʭ ʻ ʩʢʣʘʜʥʽʰʦʶ ʟʘʜʘʯʝʶ ʧʦʨʽʚʥʷʥʦ ʟ ʘʥʘʣʽʟʦʤ 

ʩʪʘʪʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʦʩʢʽʣʴʢʠ ʚʽʜʝʦ ʤʽʩʪʠʪʴ ʷʢ ʧʨʦʩʪʦʨʦʚʫ, ʪʘʢ ʽ ʯʘʩʦʚʫ 

ʽʥʬʦʨʤʘʮʽʶ [1, 4]. ʋ ʟʘʜʘʯʘʭ, ʜʝ ʢʣʘʩ ʚʠʟʥʘʯʘʻʪʴʩʷ ʧʝʨʝʚʘʞʥʦ ʦʙôʻʢʪʘʤʠ ʘʙʦ 

ʩʮʝʥʦʶ, ʜʦʩʪʘʪʥʴʦ ʝʬʝʢʪʠʚʥʠʤʠ ʤʦʞʫʪʴ ʙʫʪʠ ʧʦʢʘʜʨʦʚʽ ʟʛʦʨʪʢʦʚʽ ʤʦʜʝʣʽ. 

ɺʦʜʥʦʯʘʩ ʜʣʷ ʟʘʜʘʯ, ʫ ʷʢʠʭ ʢʣʶʯʦʚʝ ʟʥʘʯʝʥʥʷ ʤʘʻ ʨʫʭ, ʥʝʦʙʭʽʜʥʦ ʚʨʘʭʦʚʫʚʘʪʠ 

ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʢʘʜʨʽʚ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʧʦʨʽʚʥʷʥʥʷ ʧʦʢʘʜʨʦʚʦʛʦ ʧʽʜʭʦʜʫ CNN ʟ ʘʛʨʝʛʘʮʽʻʶ 

ʦʟʥʘʢ ʪʘ ʧʦʩʣʽʜʦʚʥʦʾ ʤʦʜʝʣʽ CNN-LSTM ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜʝʦ ʥʘ scene-

focused ʪʘ motion-focused ʥʘʙʦʨʘʭ ʜʘʥʠʭ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ɺʽʜʝʦ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʷʢ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʢʘʜʨʽʚ: 

ὢ ὼȟὼȟȣȟὼ            (1) 

ʜʝ ὼ ð ʦʢʨʝʤʠʡ ʢʘʜʨ ʚʽʜʝʦ, Ὕ ð ʢʽʣʴʢʽʩʪʴ ʚʠʙʨʘʥʠʭ ʢʘʜʨʽʚ. 

ɿʘʜʘʯʘ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʦʣʷʛʘʻ ʫ ʧʦʙʫʜʦʚʽ ʤʦʜʝʣʽ: 

Ὢὢ ᴼώȟώᶰρȟςȟȣȟὑ        (2) 

ʜʝ ὑ ð ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ. 

ɸʨʭʽʪʝʢʪʫʨʠ ʤʦʜʝʣʝʡ 

ʋ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʝʥʦ ʜʚʽ ʦʩʥʦʚʥʽ ʘʨʭʽʪʝʢʪʫʨʠ. 

ʇʝʨʰʠʡ ʧʽʜʭʽʜ ʙʘʟʫʻʪʴʩʷ ʥʘ CNN ʟ ʫʩʝʨʝʜʥʝʥʥʷʤ ʦʟʥʘʢ ʟʘ ʢʘʜʨʘʤʠ. 

ɼʣʷ ʢʦʞʥʦʛʦ ʢʘʜʨʫ ὼ ʟʛʦʨʪʢʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʬʦʨʤʫʻ ʚʝʢʪʦʨ ʦʟʥʘʢ [4]: 

ᾀ Ὢ#..ὼ         (3) 
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ʇʽʩʣʷ ʮʴʦʛʦ ʦʟʥʘʢʠ ʚʩʽʭ ʢʘʜʨʽʚ ʫʩʝʨʝʜʥʶʶʪʴʩʷ: 

ᾀ В ᾀ        (4) 

ʆʪʨʠʤʘʥʠʡ ʚʝʢʪʦʨ ᾀ ʧʦʜʘʻʪʴʩʷ ʥʘ ʧʦʚʥʦʟʚôʷʟʥʠʡ ʢʣʘʩʠʬʽʢʘʪʦʨ. 

ɼʨʫʛʠʡ ʧʽʜʭʽʜ ʚʠʢʦʨʠʩʪʦʚʫʻ ʤʦʜʝʣʴ CNN-LSTM. ʉʧʦʯʘʪʢʫ CNN 

ʚʠʜʽʣʷʻ ʧʨʦʩʪʦʨʦʚʽ ʦʟʥʘʢʠ ʢʦʞʥʦʛʦ ʢʘʜʨʫ, ʧʽʩʣʷ ʯʦʛʦ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʦʟʥʘʢ 

ʧʦʜʘʻʪʴʩʷ ʥʘ LSTM [2, 4]: 

Ὤ ,34-ᾀȟὬ        (5) 

ʜʝ Ὤ ð ʧʨʠʭʦʚʘʥʠʡ ʩʪʘʥ LSTM ʥʘ ʢʨʦʮʽ ὸ, ʷʢʠʡ ʤʽʩʪʠʪʴ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ 

ʧʦʪʦʯʥʠʡ ʪʘ ʧʦʧʝʨʝʜʥʽ ʢʘʜʨʠ ʚʽʜʝʦ, ʘ Ὤ  ð ʧʨʠʭʦʚʘʥʠʡ ʩʪʘʥ ʥʘ 

ʧʦʧʝʨʝʜʥʴʦʤʫ ʢʨʦʮʽ, ʱʦ ʧʝʨʝʜʘʻ ʥʘʢʦʧʠʯʝʥʫ ʽʥʬʦʨʤʘʮʽʶ ʫ ʯʘʩʽ. ʌʽʥʘʣʴʥʠʡ 

ʧʨʠʭʦʚʘʥʠʡ ʩʪʘʥ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜʝʦ. 

ʇʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ ʜʘʥʠʭ 

ɼʣʷ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʚʠʢʦʨʠʩʪʘʥʦ ʜʚʘ ʥʘʙʦʨʠ ʜʘʥʠʭ: UCF101 [6] ʪʘ Jester [7]. ɿ 

ʢʦʞʥʦʛʦ ʥʘʙʦʨʫ ʚʠʙʨʘʥʦ 8 ʢʣʘʩʽʚ. UCF101 ʥʘʣʝʞʠʪʴ ʜʦ ʪʠʧʫ scene-focused, 

ʦʩʢʽʣʴʢʠ ʢʣʘʩʠ ʚʠʟʥʘʯʘʶʪʴʩʷ ʧʝʨʝʚʘʞʥʦ ʧʨʦʩʪʦʨʦʚʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ 

ʩʮʝʥʠ. ʅʘʪʦʤʽʩʪʴ Jester ʻ motion-focused: ʬʦʥʦʚʘ ʽʥʬʦʨʤʘʮʽʷ ʤʘʻ ʜʨʫʛʦʨʷʜʥʝ 

ʟʥʘʯʝʥʥʷ, ʪʦʜʽ ʷʢ ʢʣʘʩʠ ʨʦʟʨʽʟʥʷʶʪʴʩʷ ʜʠʥʘʤʽʢʦʶ ʨʫʭʫ, ʱʦ ʧʦʪʨʝʙʫʻ 

ʚʨʘʭʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʟʘʣʝʞʥʦʩʪʝʡ [1].  

ʇʝʨʝʜ ʥʘʚʯʘʥʥʷʤ ʚʠʢʦʥʫʚʘʣʘʩʷ ʧʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ, ʘ ʩʘʤʝ: ʚʠʙʽʨ ʬʽʢʩʦʚʘʥʦʾ 

ʢʽʣʴʢʦʩʪʽ ʢʘʜʨʽʚ ʟ ʢʦʞʥʦʛʦ ʚʽʜʝʦ; ʟʤʽʥʘ ʨʦʟʤʽʨʫ ʢʘʜʨʽʚ ʜʦ ρρςρρς; 

ʥʦʨʤʘʣʽʟʘʮʽʷ ʟʦʙʨʘʞʝʥʴ; ʘʫʛʤʝʥʪʘʮʽʷ ʥʘʚʯʘʣʴʥʠʭ ʜʘʥʠʭ (ʥʘʧʨʠʢʣʘʜ, ʚʠʧʘʜʢʦʚʝ 

ʦʙʨʽʟʘʥʥʷ, ʦʜʥʘʢʦʚʝ ʜʣʷ ʚʩʽʭ ʢʘʜʨʽʚ ʚʽʜʝʦ); ʧʦʜʽʣ ʜʘʥʠʭ ʥʘ train, validation ʪʘ 

test ʯʘʩʪʠʥʠ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ 

ɽʢʩʧʝʨʠʤʝʥʪʠ ʨʝʘʣʽʟʦʚʘʥʦ ʚ ʩʝʨʝʜʦʚʠʱʽ Python ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʙʽʙʣʽʦʪʝʢʠ 

PyTorch. ʗʢ ʙʘʟʦʚʫ ʟʛʦʨʪʢʦʚʫ ʤʦʜʝʣʴ ʚʠʢʦʨʠʩʪʘʥʦ ʧʦʧʝʨʝʜʥʴʦ ʥʘʚʯʝʥʫ 

ResNet18 [5], ʱʦ ʜʦʟʚʦʣʠʣʦ ʟʘʩʪʦʩʫʚʘʪʠ transfer learning ʪʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ 

ʫʥʽʚʝʨʩʘʣʴʥʽ ʦʟʥʘʢʠ ʟʦʙʨʘʞʝʥʴ [3]. ʆʩʥʦʚʥʽ ʨʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 1. 
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ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʠʭ ʥʘʣʘʰʪʫʚʘʥʴ ʪʘ ʨʝʟʫʣʴʪʘʪʽʚ. 

ʄʦʜʝʣʴ 

ʅʘʙʽʨ 

ʜʘʥʠʭ 

Train/Val/ 

Test 

ʂ-ʩʪʴ 

ʧʘʨʘʤʝʪʨʽʚ 

ʂʘʜʨʠ; 

ʝʧʦʭʠ 

Accuracy 

(Test) 

CNN + 

mean 

pooling 

UCF10

1 

921/154/158 11180616 8, 

ʨʽʚʥʦʤʽʨ

ʥʦ; 10 

0.95 

CNN-LSTM UCF10

1 

921/154/158 11967048 8, 

ʨʽʚʥʦʤʽʨ

ʥʦ; 10 

0.94 

CNN + 

mean 

pooling 

Jester 840/180/180 11180616 8, 

ʨʽʚʥʦʤʽʨ

ʥʦ; 10 

0.32 

CNN-LSTM Jester 840/180/180 11967048 8, 

ʨʽʚʥʦʤʽʨ

ʥʦ; 10 

0.25 

CNN + 

mean 

pooling 

Jester 840/180/180 11180616 16, 

ʮʝʥʪʨʘʣʴ

ʥʽ; 10 

0.3 

CNN-LSTM Jester 840/180/180 11967048 16, 

ʮʝʥʪʨʘʣʴ

ʥʽ; 10 

0.35 

CNN-LSTM 

(ʟʘʤʦʨʦʞ. 

backbone) 

Jester 2560/320/32

0 

11967048 24, 

ʮʝʥʪʨʘʣʴ

ʥʽ; 24 

0.52 

CNN + 

mean 

pooling 

(ʟʘʤʦʨʦʞ. 

backbone) 

Jester 2560/320/32

0 

11180616 24, 

ʮʝʥʪʨʘʣʴ

ʥʽ; 24 

0.2 

 

ɼʣʷ ʥʘʙʦʨʫ UCF101 ʧʦʢʘʜʨʦʚʘ ʤʦʜʝʣʴ ʧʦʢʘʟʘʣʘ ʚʠʱʫ ʪʦʯʥʽʩʪʴ, ʱʦ 

ʧʦʷʩʥʶʻʪʴʩʷ ʜʦʤʽʥʫʚʘʥʥʷʤ ʧʨʦʩʪʦʨʦʚʠʭ ʦʟʥʘʢ. ɼʣʷ ʥʘʙʦʨʫ Jester ʫ ʙʘʟʦʚʠʭ 

ʫʤʦʚʘʭ ʦʙʠʜʚʽ ʤʦʜʝʣʽ ʜʝʤʦʥʩʪʨʫʶʪʴ ʥʠʟʴʢʫ ʷʢʽʩʪʴ ʯʝʨʝʟ ʥʝʜʦʩʪʘʪʥʽʡ ʦʙʩʷʛ 
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ʜʘʥʠʭ ʪʘ ʢʽʣʴʢʽʩʪʴ ʢʘʜʨʽʚ. ɿʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʢʘʜʨʽʚ ʽ ʜʘʥʠʭ ʧʦʢʨʘʱʫʻ 

ʨʝʟʫʣʴʪʘʪʠ CNN-LSTM, ʱʦ ʧʽʜʪʚʝʨʜʞʫʻ ʚʘʞʣʠʚʽʩʪʴ ʯʘʩʦʚʦʾ ʽʥʬʦʨʤʘʮʽʾ ʜʣʷ 

motion-focused ʟʘʜʘʯ. ʋ ʯʘʩʪʠʥʽ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʦʩʷ 

ʟʘʤʦʨʦʞʫʚʘʥʥʷ ʟʛʦʨʪʢʦʚʦʾ ʯʘʩʪʠʥʠ (frozen backbone), ʱʦ ʟʤʝʥʰʫʚʘʣʦ 

ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʚʠʪʨʘʪʠ, ʦʜʥʘʢ ʦʙʤʝʞʫʚʘʣʦ ʘʜʘʧʪʘʮʽʶ ʤʦʜʝʣʽ ʜʦ ʥʦʚʠʭ ʜʘʥʠʭ 

ʽ, ʷʢ ʥʘʩʣʽʜʦʢ, ʧʨʠʟʚʦʜʠʣʦ ʜʦ ʟʥʠʞʝʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʦʩʦʙʣʠʚʦ ʜʣʷ 

ʧʦʢʘʜʨʦʚʦʛʦ ʧʽʜʭʦʜʫ. 

ʇʨʘʢʪʠʯʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʘ ʦʙʤʝʞʝʥʥʷ: ʇʦʢʘʜʨʦʚʽ ʤʦʜʝʣʽ ʜʦʮʽʣʴʥʽ ʜʣʷ 

ʩʠʩʪʝʤ ʚʽʜʝʦʩʧʦʩʪʝʨʝʞʝʥʥʷ, ʢʣʘʩʠʬʽʢʘʮʽʾ ʩʮʝʥ ʪʘ real-time ʟʘʜʘʯ ʽʟ ʥʠʟʴʢʦʶ 

ʟʘʪʨʠʤʢʦʶ. ʄʦʜʝʣʽ ʪʠʧʫ CNN-LSTM ð ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʞʝʩʪʽʚ, ʘʥʘʣʽʟʫ 

ʧʦʚʝʜʽʥʢʠ, ʩʠʩʪʝʤ ʚʟʘʻʤʦʜʽʾ ʣʶʜʠʥʠ ʟ ʢʦʤʧôʶʪʝʨʦʤ (HCI) ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʾ 

(ʟʦʢʨʝʤʘ, ʘʥʘʣʽʟ ʜʽʡ ʫ ʚʽʜʝʦ ʜʣʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʪʨʘʥʩʧʦʨʪʥʠʭ ʩʠʩʪʝʤ). 

ʈʦʟʚʠʪʦʢ ʮʽʻʾ ʩʬʝʨʠ ʩʪʨʠʤʫʻʪʴʩʷ ʜʝʬʽʮʠʪʦʤ ʚʝʣʠʢʠʭ ʽ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʭ 

ʚʽʜʝʦʜʘʥʠʭ, ʟʥʘʯʥʠʤʠ ʦʙʯʠʩʣʶʚʘʣʴʥʠʤʠ ʚʠʪʨʘʪʘʤʠ ʪʘ ʩʢʣʘʜʥʽʩʪʶ 

ʫʟʘʛʘʣʴʥʝʥʥʷ ʤʦʜʝʣʝʡ ʥʘ ʥʦʚʽ ʫʤʦʚʠ (domain shift). 

ʇʦʜʘʣʴʰʽ ʜʦʩʣʽʜʞʝʥʥʷ: ʧʝʨʩʧʝʢʪʠʚʥʠʤʠ ʻ ʨʦʟʨʦʙʢʘ ʣʝʛʢʠʭ ʤʦʜʝʣʝʡ ʜʣʷ 

real-time ʟʘʩʪʦʩʫʚʘʥʴ, ʚʠʢʦʨʠʩʪʘʥʥʷ ʩʫʯʘʩʥʠʭ ʘʨʭʽʪʝʢʪʫʨ (3D CNN, 

Transformer), ʧʦʢʨʘʱʝʥʥʷ ʩʪʨʘʪʝʛʽʡ ʚʠʙʦʨʫ ʢʘʜʨʽʚ ʽ ʘʫʛʤʝʥʪʘʮʽʾ, ʘ ʪʘʢʦʞ 

ʩʪʚʦʨʝʥʥʷ ʧʨʠʢʣʘʜʥʠʭ ʩʠʩʪʝʤ ʜʣʷ ʞʝʩʪʦʚʦʛʦ ʢʝʨʫʚʘʥʥʷ, HCI ʪʘ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʘʥʘʣʽʟʫ ʚʽʜʝʦ ʫ ʪʨʘʥʩʧʦʨʪʽ ʪʘ ʙʝʟʧʝʮʽ. 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʦʙʦʪʽ ʧʦʢʘʟʘʥʦ, ʱʦ ʚʠʙʽʨ ʤʦʜʝʣʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʽʜʝʦ ʚʠʟʥʘʯʘʻʪʴʩʷ 

ʭʘʨʘʢʪʝʨʦʤ ʜʘʥʠʭ. ɼʣʷ scene-focused ʟʘʜʘʯ, ʜʝ ʢʣʘʩʠ ʚʽʜʨʽʟʥʷʶʪʴʩʷ 

ʧʨʦʩʪʦʨʦʚʠʤʠ ʦʟʥʘʢʘʤʠ, ʝʬʝʢʪʠʚʥʽʰʠʤʠ ʻ ʧʨʦʩʪʽ ʧʦʢʘʜʨʦʚʽ ʤʦʜʝʣʽ (CNN + 

ʘʛʨʝʛʘʮʽʷ), ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʧʨʠ ʥʠʟʴʢʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ 

ʚʠʪʨʘʪʘʭ. ɼʣʷ motion-focused ʟʘʜʘʯ, ʜʝ ʚʠʨʽʰʘʣʴʥʫ ʨʦʣʴ ʚʽʜʽʛʨʘʻ ʜʠʥʘʤʽʢʘ 

ʨʫʭʫ, ʜʦʮʽʣʴʥʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʧʦʩʣʽʜʦʚʥʽ ʤʦʜʝʣʽ (CNN-LSTM), ʷʢʽ ʢʨʘʱʝ 

ʚʨʘʭʦʚʫʶʪʴ ʯʘʩʦʚʽ ʟʘʣʝʞʥʦʩʪʽ, ʘʣʝ ʧʦʪʨʝʙʫʶʪʴ ʙʽʣʴʰʝ ʜʘʥʠʭ ʽ ʨʝʩʫʨʩʽʚ. 
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3D ʈɽʂʆʅʉʊʈʋʂʎɯʗ ʆɹôɭʂʊɸ ʅɸ ʆʉʅʆɺɯ ɯʅʂʈɽʄɽʅʊɸʃʔʅʆɻʆ 

ʇɯɼʍʆɼʋ STRUCTURE-FROM-MOTION  

ʉʘʚʫʣʷʢ ʈʦʢʩʦʣʘʥʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

 brbthrt.sav@gmail.com 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʪʝʤʠ ʪʘ ʾʾ ʧʨʦʙʣʝʤʘʪʠʢʘ 

ʆʜʥʽʻʶ ʟ ʢʣʶʯʦʚʠʭ ʟʘʜʘʯ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʻ ʚʽʜʥʦʚʣʝʥʥʷ 

ʪʨʠʚʠʤʽʨʥʦʾ ʩʪʨʫʢʪʫʨʠ ʦʙôʻʢʪʽʚ ʟʘ ʥʘʙʦʨʦʤ ʟʦʙʨʘʞʝʥʴ [1], [2]. ʋ ʮʽʡ ʨʦʙʦʪʽ 

ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʧʽʜʭʽʜ 3D ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʫ Structure-from-Motion, 

ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʚʽʜʥʦʚʣʶʚʘʪʠ ʛʝʦʤʝʪʨʽʶ ʩʮʝʥʠ ʙʝʟ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʛʦ ʦʙʣʘʜʥʘʥʥʷ. ʎʝ ʨʦʙʠʪʴ ʡʦʛʦ ʧʨʘʢʪʠʯʥʦ ʟʥʘʯʫʱʠʤ ʜʣʷ 

ʰʠʨʦʢʦʛʦ ʢʦʣʘ ʟʘʩʪʦʩʫʚʘʥʴ. 

ʆʩʥʦʚʥʘ ʩʢʣʘʜʥʽʩʪʴ ʧʦʣʷʛʘʻ ʫ ʚʽʜʩʫʪʥʦʩʪʽ ʙʝʟʧʦʩʝʨʝʜʥʴʦʾ ʽʥʬʦʨʤʘʮʽʾ 

ʧʨʦ ʛʣʠʙʠʥʫ ʥʘ ʟʦʙʨʘʞʝʥʥʷʭ, ʪʘʢʦʞ ʧʨʦʮʝʩ ʫʩʢʣʘʜʥʶʻʪʴʩʷ ʥʘʷʚʥʽʩʪʶ ʰʫʤʫ, 

ʦʙʤʝʞʝʥʦʶ ʢʽʣʴʢʽʩʪʶ ʨʘʢʫʨʩʽʚ ʪʘ ʧʦʭʠʙʢʘʤʠ ʧʽʜ ʯʘʩ ʚʩʪʘʥʦʚʣʝʥʥʷ 

ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʤʽʞ ʟʦʙʨʘʞʝʥʥʷʤʠ. 

ʌʦʨʤʫʣʶʚʘʥʥʷ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ʦʙôʻʢʪ ʩʮʝʥʠ ʟʘʜʘʥʦ ʤʥʦʞʠʥʦʶ ʪʦʯʦʢ ὖᶰὙ, ʷʢʽ ʫ ʦʜʥʦʨʽʜʥʠʭ 

ʢʦʦʨʜʠʥʘʪʘʭ ʤʘʶʪʴ ʚʠʛʣʷʜ ὢ . ɺʠʢʦʨʠʩʪʘʥʥʷ ʦʜʥʦʨʽʜʥʠʭ ʢʦʦʨʜʠʥʘʪ 

ʜʦʟʚʦʣʷʻ ʦʧʠʩʫʚʘʪʠ ʧʨʦʻʢʪʠʚʥʽ ʧʝʨʝʪʚʦʨʝʥʥʷ ʫ ʚʠʛʣʷʜʽ ʣʽʥʽʡʥʠʭ ʤʘʪʨʠʯʥʠʭ 

ʦʧʝʨʘʮʽʡ. 

ʇʨʦʮʝʩ ʬʦʨʤʫʚʘʥʥʷ ʟʦʙʨʘʞʝʥʥʷ ʦʧʠʩʫʻʪʴʩʷ ʤʦʜʝʣʣʶ ʢʘʤʝʨʠ [1], [2]: 

‗ὼ ὖὢ ὑὙ ὸ᷉ὢ    (1) 

ʜʝ ὼ ï ʧʨʦʝʢʮʽʷ ʧʨʦʩʪʦʨʦʚʦʾ ʪʦʯʢʠ ʥʘ ʧʣʦʱʠʥʫ ʟʦʙʨʘʞʝʥʥʷ, ‗ ï  

ʤʘʩʰʪʘʙʥʠʡ ʢʦʝʬʽʮʽʻʥʪ, ʧʦʚôʷʟʘʥʠʡ ʟ ʛʣʠʙʠʥʦʶ ʪʦʯʢʠ, | ὸ ï ʤʘʪʨʠʮʷ ʦʙʝʨʪʘʥʥʷ 

ʽ ʚʝʢʪʦʨ ʧʝʨʝʥʝʩʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦ, ὑ ï ʤʘʪʨʠʮʷ ʚʥʫʪʨʽʰʥʽʭ ʧʘʨʘʤʝʪʨʽʚ ʢʘʤʝʨʠ, 

ʷʢʘ ʤʘʻ ʚʠʛʣʷʜ: 

ὑ
Ὢ ί ὧ
π Ὢ ὧ

π π ρ

    (2) 

ʜʝ Ὢ̔  Ὢ  ʬʦʢʫʩʥʽ ʚʽʜʩʪʘʥʽ, ὧȟὧ  ï ʢʦʦʨʜʠʥʘʪʠ ʛʦʣʦʚʥʦʾ ʪʦʯʢʠ 

ʟʦʙʨʘʞʝʥʥʷ, ί ï ʧʘʨʘʤʝʪʨ ʧʝʨʝʢʦʩʫ ʦʩʝʡ, ʷʢʠʡ ʜʣʷ ʩʫʯʘʩʥʠʭ ʢʘʤʝʨ ʟʘʟʚʠʯʘʡ 

ʜʦʨʽʚʥʶʻ ʥʫʣʶ. 
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ʊʘʢʠʤ ʯʠʥʦʤ, ʜʦʙʫʪʦʢ Ὑ ὸ᷉ὢʧʝʨʝʚʦʜʠʪʴ ʪʦʯʢʫ ʟ ʛʣʦʙʘʣʴʥʦʾ ʩʠʩʪʝʤʠ 

ʢʦʦʨʜʠʥʘʪ ʫ ʩʠʩʪʝʤʫ ʢʦʦʨʜʠʥʘʪ ʢʘʤʝʨʠ, ʧʽʩʣʷ ʯʦʛʦ ʤʘʪʨʠʮʷ ὑʚʠʢʦʥʫʻ 

ʧʨʦʻʢʮʽʶ ʮʽʻʾ ʪʦʯʢʠ ʥʘ ʧʣʦʱʠʥʫ ʟʦʙʨʘʞʝʥʥʷ. 

ɿʘʜʘʯʘ ʧʦʣʷʛʘʻ ʫ ʚʽʜʥʦʚʣʝʥʥʽ ʧʨʦʩʪʦʨʦʚʠʭ ʢʦʦʨʜʠʥʘʪ ʪʦʯʦʢ ʩʮʝʥʠ ὢʪʘ 

ʧʘʨʘʤʝʪʨʽʚ ʢʘʤʝʨ ʟʘ ʥʘʙʦʨʦʤ ʜʚʦʚʠʤʽʨʥʠʭ ʟʦʙʨʘʞʝʥʴ [1].  

ɸʣʛʦʨʠʪʤ ʨʝʘʣʽʟʘʮʽʾ  

ʅʝʭʘʡ ʟʘʜʘʥʦ ʥʘʙʽʨ ʟʦʙʨʘʞʝʥʴ Ὅ, ʥʘ ʷʢʠʭ ʩʧʦʩʪʝʨʽʛʘʶʪʴʩʷ ʧʨʦʻʢʮʽʾ 

ʪʨʠʚʠʤʽʨʥʠʭ ʪʦʯʦʢ ʩʮʝʥʠ ὢᶰὙ. ɿʚôʷʟʦʢ ʤʽʞ 3D-ʪʦʯʢʦʶ ʪʘ ʾʾ ʧʨʦʝʢʮʽʻʶ ʥʘ 

ʟʦʙʨʘʞʝʥʥʽ ʟʘʜʘʻʪʴʩʷ ʤʦʜʝʣʣʶ ʢʘʤʝʨʠ, ʷʢʘ ʦʧʠʩʘʥʘ ʬʦʨʤʫʣʦʶ (1). ɿʘʜʘʯʘ SfM 

ʧʦʣʷʛʘʻ ʫ ʚʽʜʥʦʚʣʝʥʥʽ ʤʥʦʞʠʥʠ ʪʨʠʚʠʤʽʨʥʠʭ ʪʦʯʦʢ ὢʪʘ ʧʘʨʘʤʝʪʨʽʚ ʢʘʤʝʨ ὖʟʘ 

ʥʘʙʦʨʦʤ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ὼ ᴾὢ. 

1. ɸʣʛʦʨʠʪʤ ʧʦʯʠʥʘʻʪʴʩʷ ʟ ʚʠʙʦʨʫ ʧʘʨʠ ʟʦʙʨʘʞʝʥʴ ʽʟ ʥʘʡʙʽʣʴʰʦʶ 

ʢʽʣʴʢʽʩʪʶ ʥʘʜʽʡʥʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ. ɼʣʷ ʮʽʻʾ ʧʘʨʠ ʚ ʦʩʥʦʚʽ ʦʙʯʠʩʣʝʥʴ 

ʣʝʞʘʪʴ ʧʦʣʦʞʝʥʥʷ ʝʧʽʧʦʣʷʨʥʦʾ ʛʝʦʤʝʪʨʽʾ, ʱʦ ʟʘʜʘʶʪʴʩʷ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʤ ʦʙʤʝʞʝʥʥʷʤ [1], [3]: 

ὼ Ὂὼ π    (3) 

ʜʝ Ὂ- ʬʫʥʜʘʤʝʥʪʘʣʴʥʘ ʤʘʪʨʠʮʷ, ʱʦ ʦʧʠʩʫʻ ʚʟʘʻʤʥʝ ʛʝʦʤʝʪʨʠʯʥʝ 

ʨʦʟʪʘʰʫʚʘʥʥʷ ʜʚʦʭ ʢʘʤʝʨ. 

ʗʢʱʦ ʚʥʫʪʨʽʰʥʽ ʧʘʨʘʤʝʪʨʠ ʢʘʤʝʨ ʚʽʜʦʤʽ, ʚʠʢʦʥʫʻʪʴʩʷ ʧʝʨʝʭʽʜ ʜʦ 

ʝʩʝʥʮʽʘʣʴʥʦʾ ʤʘʪʨʠʮʽ: 

Ὁ ὑ Ὂὑ    (4) 

ɽʩʝʥʮʽʘʣʴʥʘ ʤʘʪʨʠʮʷ ʜʦʟʚʦʣʷʻ ʚʽʜʥʦʚʠʪʠ ʚʽʜʥʦʩʥʫ ʛʝʦʤʝʪʨʽʶ ʢʘʤʝʨ, ʘ 

ʩʘʤʝ: ʤʘʪʨʠʮʶ ʦʙʝʨʪʘʥʥʷ Ὑ, ʚʝʢʪʦʨ ʪʨʘʥʩʣʷʮʽʾ ὸ.  

ɼʣʷ ʾʾ ʨʦʟʢʣʘʜʫ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʩʠʥʛʫʣʷʨʥʠʡ ʨʦʟʢʣʘʜ [1], [2]: 

Ὁ Ὗ ὠ     (5) 

ʆʪʨʠʤʘʥʽ ʤʦʞʣʠʚʽ ʚʘʨʽʘʥʪʠ Ὑȟὸʧʝʨʝʚʽʨʷʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʫʤʦʚʠ 

ʜʦʜʘʪʥʦʩʪʽ ʛʣʠʙʠʥʠ: ʪʦʯʢʠ ʩʮʝʥʠ ʧʦʚʠʥʥʽ ʤʘʪʠ ʾʾ ʚ ʦʙʦʭ ʢʘʤʝʨʘʭ. 

2. ʇʽʩʣʷ ʚʠʟʥʘʯʝʥʥʷ ʧʦʣʦʞʝʥʥʷ ʜʚʦʭ ʢʘʤʝʨ ʚʠʢʦʥʫʻʪʴʩʷ ʧʦʙʫʜʦʚʘ 

ʧʦʯʘʪʢʦʚʦʾ ʪʨʠʚʠʤʽʨʥʦʾ ʩʪʨʫʢʪʫʨʠ ʩʮʝʥʠ. 

ɼʣʷ ʢʦʞʥʦʾ ʧʘʨʠ ʚʽʜʧʦʚʽʜʥʠʭ ʪʦʯʦʢ ʚʠʢʦʥʫʻʪʴʩʷ ʧʨʦʝʢʮʽʡʥʘ ʤʦʜʝʣʴ: 

ὼ ὖὢȟὼ ὖὢ    (6) 

ʆʩʢʽʣʴʢʠ ʤʘʩʰʪʘʙʥʽ ʢʦʝʬʽʮʽʻʥʪʠ ʥʝʚʽʜʦʤʽ, ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʚʣʘʩʪʠʚʽʩʪʴ ʢʦʣʽʥʝʘʨʥʦʩʪʽ: 

ὼ ὖὢ π    (7) 

ʎʝ ʜʦʟʚʦʣʷʻ ʦʪʨʠʤʘʪʠ ʩʠʩʪʝʤʫ ʦʜʥʦʨʽʜʥʠʭ ʣʽʥʽʡʥʠʭ ʨʽʚʥʷʥʴ [1], [2]: 
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ὃὢ π    (8) 

ʜʝ ʤʘʪʨʠʮʷ ὃᶰὙ ʬʦʨʤʫʻʪʴʩʷ ʟ ʢʦʝʬʽʮʽʻʥʪʽʚ, ʦʪʨʠʤʘʥʠʭ ʽʟ ʨʽʚʥʷʥʴ ʧʨʦʻʢʮʽʾ 

ʜʣʷ ʢʦʞʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʪʘ ʤʘʻ ʚʠʛʣʷʜ:  

ὃ

ụ
Ụ
Ụ
Ụ
Ụ
ợόὴ ὴ

ὺὴ ὴ

όᴂὴᴂ ὴᴂ

ὺᴂὴᴂ ὴᴂ Ứ
ủ
ủ
ủ
ủ
Ủ

    (9) 

ʌʘʢʪʠʯʥʦ ʢʦʞʥʘ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʜʦʜʘʻ ʜʚʘ ʥʝʟʘʣʝʞʥʽ ʨʽʚʥʷʥʥʷ, ʽ ʚ 

ʨʝʟʫʣʴʪʘʪʽ ʬʦʨʤʫʻʪʴʩʷ ʧʝʨʝʚʠʟʥʘʯʝʥʘ ʩʠʩʪʝʤʘ. 

ʈʦʟʚôʷʟʦʢ ʮʽʻʾ ʩʠʩʪʝʤʠ ʟʥʘʭʦʜʠʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʩʠʥʛʫʣʷʨʥʦʛʦ 

ʨʦʟʢʣʘʜʫ (SVD). ɼʣʷ ʤʘʪʨʠʮʽ ὃʚʠʢʦʥʫʻʪʴʩʷ ʨʦʟʢʣʘʜ: 

ὃ Ὗ ὠ     (10) 

ʆʩʢʽʣʴʢʠ ʩʠʩʪʝʤʘ ὃὢ π̒  ʦʜʥʦʨʽʜʥʦʶ, ʾʾ ʥʝʪʨʠʚʽʘʣʴʥʠʡ ʨʦʟʚôʷʟʦʢ 

ʰʫʢʘʻʪʴʩʷ ʷʢ ʚʝʢʪʦʨ ὢ π, ʱʦ ʤʽʥʽʤʽʟʫʻ ʥʦʨʤʫ ὃ᷆ὢ᷆ ʟʘ ʫʤʦʚʠ ʥʦʨʤʫʚʘʥʥʷ ᷆

ὢ᷆ ρ. ʇʨʘʢʪʠʯʥʦ ʮʝ ʨʝʘʣʽʟʫʻʪʴʩʷ ʷʢ ʚʠʙʽʨ ʦʩʪʘʥʥʴʦʛʦ ʩʪʦʚʧʮʷ ʤʘʪʨʠʮʽ ὠ: ὢ

ὠÌÁÓÔȢ 

ʎʝʡ ʚʝʢʪʦʨ ʟʘʜʘʻ ʢʦʦʨʜʠʥʘʪʠ ʪʦʯʢʠ ʚ ʦʜʥʦʨʽʜʥʦʤʫ ʚʠʛʣʷʜʽ, ʪʦʙʪʦ 

ʚʠʟʥʘʯʝʥʠʡ ʟ ʪʦʯʥʽʩʪʶ ʜʦ ʤʘʩʰʪʘʙʫ. ʉʘʤʝ ʪʦʤʫ ʧʽʩʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʨʦʟʚôʷʟʢʫ 

ʚʠʢʦʥʫʻʪʴʩʷ ʥʦʨʤʘʣʽʟʘʮʽʷ ʢʦʦʨʜʠʥʘʪ: 

ὢᴂ ὢύϳ ȟὣύϳ ȟὤύϳ     (11) 

ʋ ʨʝʟʫʣʴʪʘʪʽ ʬʦʨʤʫʻʪʴʩʷ ʧʦʯʘʪʢʦʚʘ ʨʦʟʨʽʜʞʝʥʘ ʭʤʘʨʘ ʪʦʯʦʢ. 

 

3. ʇʽʩʣʷ ʽʥʽʮʽʘʣʽʟʘʮʽʾ ʥʦʚʽ ʟʦʙʨʘʞʝʥʥʷ ʜʦʜʘʶʪʴʩʷ ʧʦʝʪʘʧʥʦ, ʱʦ ʻ 

ʭʘʨʘʢʪʝʨʥʦʶ ʨʠʩʦʶ ʽʥʢʨʝʤʝʥʪʘʣʴʥʠʭ ʧʽʜʭʦʜʽʚ SfM [3], [4]. ɼʣʷ 

ʢʦʞʥʦʛʦ ʟ ʥʠʭ ʥʝʦʙʭʽʜʥʦ ʦʮʽʥʠʪʠ ʧʘʨʘʤʝʪʨʠ ʢʘʤʝʨʠ, ʨʦʟʚôʷʟʫʶʯʠ 

ʟʘʜʘʯʫ ʤʽʥʽʤʽʟʘʮʽʾ ʧʦʭʠʙʢʠ ʨʝʧʨʦʻʢʮʽʾ [8]: 

άὭὲ 
ȟ
В ὼ᷆ “ὑȟὙȟὸȟὢ  ᷆   (12) 

ʜʝ “ẗ ï ʬʫʥʢʮʽʷ ʧʨʦʻʢʮʽʾ 3D-ʪʦʯʢʠ ʥʘ ʧʣʦʱʠʥʫ ʟʦʙʨʘʞʝʥʥʷ, ὼï ʢʦʦʨʜʠʥʘʪʠ 

2D ʪʦʯʢʠ ʥʘ ʧʦʪʦʯʥʦʤʫ ʟʦʙʨʘʞʝʥʥʽ, ὼ ï ʚʽʜʧʦʚʽʜʥʘ ʾʡ ʪʦʯʢʘ ʟ ʫʞʝ ʚʽʜʥʦʚʣʝʥʦʾ 

ʭʤʘʨʠ. 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʮʷ ʟʘʜʘʯʘ ʨʦʟʚôʷʟʫʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʘʣʛʦʨʠʪʤʫ PnP 

(Perspective-n-Point). ʏʝʨʝʟ ʥʘʷʚʥʽʩʪʴ ʧʦʤʠʣʢʦʚʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʟʘʜʘʯʘ 

ʟʘʟʚʠʯʘʡ ʨʦʟʚôʷʟʫʻʪʴʩʷ ʨʘʟʦʤ ʽʟ ʘʣʛʦʨʠʪʤʦʤ RANSAC [5], ʷʢʠʡ ʜʦʟʚʦʣʷʻ 

ʚʽʜʦʢʨʝʤʠʪʠ ʢʦʨʝʢʪʥʽ ʚʽʜʧʦʚʽʜʥʦʩʪʽ (inliers) ʚʽʜ ʚʠʢʠʜʽʚ (outliers). 
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4. ʇʽʩʣʷ ʜʦʜʘʚʘʥʥʷ ʥʦʚʦʾ ʢʘʤʝʨʠ ʚʠʢʦʥʫʻʪʴʩʷ ʦʥʦʚʣʝʥʥʷ ʩʪʨʫʢʪʫʨʠ 

ʩʮʝʥʠ: ʟʥʘʭʦʜʷʪʴʩʷ ʥʦʚʽ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʤʽʞ ʢʘʜʨʘʤʠ, ʚʠʢʦʥʫʻʪʴʩʷ 

ʜʦʜʘʪʢʦʚʘ ʪʨʽʘʥʛʫʣʷʮʽʷ ʥʦʚʠʭ ʪʦʯʦʢ, ʦʥʦʚʣʶʻʪʴʩʷ ʤʥʦʞʠʥʘ 3D-

ʪʦʯʦʢ:  

ὢ ὢȟὢȟȣȟὢ  

ɺʘʞʣʠʚʦʶ ʦʩʦʙʣʠʚʽʩʪʶ ʽʥʢʨʝʤʝʥʪʘʣʴʥʦʛʦ ʧʽʜʭʦʜʫ ʻ ʪʝ, ʱʦ ʚʞʝ 

ʚʽʜʥʦʚʣʝʥʽ ʪʦʯʢʠ ʥʝ ʧʝʨʝʨʘʭʦʚʫʶʪʴʩʷ ʟʘʥʦʚʦ, ʱʦ ʟʤʝʥʰʫʻ ʦʙʯʠʩʣʶʚʘʣʴʥʫ 

ʩʢʣʘʜʥʽʩʪʴ. 

ʈʝʟʫʣʴʪʘʪʠ ʘʣʛʦʨʠʪʤʫ 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʥʘ ʥʘʙʦʨʽ ʟʦʙʨʘʞʝʥʴ Dino [7] ʧʦʢʘʟʘʣʠ, ʱʦ 

ʽʥʢʨʝʤʝʥʪʘʣʴʥʠʡ ʘʣʛʦʨʠʪʤ Structure-from-Motion [4] ʧʨʘʮʶʻ ʩʪʘʙʽʣʴʥʦ 

ʧʨʦʪʷʛʦʤ ʫʩʽʻʾ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʟ 37 ʢʘʜʨʽʚ.  

ʅʘ ʝʪʘʧʽ ʽʥʽʮʽʘʣʽʟʘʮʽʾ ʦʪʨʠʤʘʥʦ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʥʘʜʽʡʥʠʭ 

ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ (ʧʦʥʘʜ 500), ʱʦ ʟʘʙʝʟʧʝʯʠʣʦ ʢʦʨʝʢʪʥʫ ʧʦʙʫʜʦʚʫ ʧʦʯʘʪʢʦʚʦʾ 

ʛʝʦʤʝʪʨʽʾ. ʋ ʧʨʦʮʝʩʽ ʜʦʜʘʚʘʥʥʷ ʥʦʚʠʭ ʢʘʜʨʽʚ ʢʽʣʴʢʽʩʪʴ ʽʥʣʘʻʨʽʚ ʪʘ ʪʦʯʦʢ 

ʟʤʽʥʶʻʪʴʩʷ ʟʘʣʝʞʥʦ ʚʽʜ ʩʪʫʧʝʥʷ ʧʝʨʝʢʨʠʪʪʷ ʟʦʙʨʘʞʝʥʴ, ʧʨʠ ʮʴʦʤʫ ʩʝʨʝʜʥʷ 

ʧʦʭʠʙʢʘ PnP ʟʘʣʠʰʘʻʪʴʩʷ ʚ ʤʝʞʘʭ ʧʨʠʙʣʠʟʥʦ 0.6ï1.3 px, ʱʦ ʻ ʧʨʠʡʥʷʪʥʠʤ ʜʣʷ 

ʟʘʜʘʯʽ SfM.  

 
(a) 

 
(b) 

 
(c) 

 

ʈʠʩ. 1. (a) ï ʚʠʭʽʜʥʽ ʟʦʙʨʘʞʝʥʥʷ ʨʝʘʣʴʥʦʛʦ ʦʙôʻʢʪʘ, 

(b) ï ʚʽʜʥʦʚʣʝʥʘ 3D-ʭʤʘʨʘ ʪʦʯʦʢ, 

(c) ï ʨʝʢʦʥʩʪʨʫʡʦʚʘʥʘ ʧʦʚʝʨʭʥʷ ʦʙôʻʢʪʘ 

 

ɺʠʩʥʦʚʢʠ  

ɽʢʩʧʝʨʠʤʝʥʪ ʥʘ ʧʦʩʣʽʜʦʚʥʦʩʪʽ Dino ʧʦʢʘʟʘʚ, ʱʦ ʤʝʪʦʜ ʟʘʙʝʟʧʝʯʫʻ 

ʩʪʘʙʽʣʴʥʝ ʚʽʜʥʦʚʣʝʥʥʷ ʪʨʘʻʢʪʦʨʽʾ ʢʘʤʝʨʠ ʪʘ 3D-ʩʪʨʫʢʪʫʨʠ ʩʮʝʥʠ, ʟ 

ʬʦʨʤʫʚʘʥʥʷʤ ʨʦʟʨʽʜʞʝʥʦʾ ʭʤʘʨʠ ʪʦʯʦʢ ʽ ʧʦʜʘʣʴʰʦʶ ʧʦʙʫʜʦʚʦʶ ʧʦʚʝʨʭʥʽ 

(alpha-shape). 
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ʆʩʥʦʚʥʠʤʠ ʧʝʨʝʚʘʛʘʤʠ ʘʣʛʦʨʠʪʤʫ ʻ ʧʦʩʪʫʧʦʚʝ ʚʽʜʥʦʚʣʝʥʥʷ ʩʮʝʥʠ, 

ʤʦʞʣʠʚʽʩʪʴ ʢʦʥʪʨʦʣʶ ʷʢʦʩʪʽ ʥʘ ʢʦʞʥʦʤʫ ʝʪʘʧʽ ʪʘ ʩʪʽʡʢʽʩʪʴ ʜʦ ʰʫʤʫ ʟʘʚʜʷʢʠ 

ʚʠʢʦʨʠʩʪʘʥʥʶ RANSAC. ʆʪʨʠʤʘʥʘ ʧʦʭʠʙʢʘ ʨʝʧʨʦʻʢʮʽʾ (~0.6ï1.3 px) ʩʚʽʜʯʠʪʴ 

ʧʨʦ ʜʦʩʪʘʪʥʶ ʪʦʯʥʽʩʪʴ ʨʝʢʦʥʩʪʨʫʢʮʽʾ. 

ʅʝʜʦʣʽʢʘʤʠ ʻ ʥʘʢʦʧʠʯʝʥʥʷ ʧʦʭʠʙʦʢ ʧʨʠ ʧʦʩʣʽʜʦʚʥʦʤʫ ʜʦʜʘʚʘʥʥʽ ʢʘʜʨʽʚ, 

ʟʘʣʝʞʥʽʩʪʴ ʚʽʜ ʷʢʦʩʪʽ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʤʽʞ ʟʦʙʨʘʞʝʥʥʷʤʠ ʪʘ ʧʽʜʚʠʱʝʥʽ 

ʦʙʯʠʩʣʶʚʘʣʴʥʽ ʚʠʪʨʘʪʠ ʧʨʠ ʚʝʣʠʢʽʡ ʢʽʣʴʢʦʩʪʽ ʢʘʜʨʽʚ. 

ʋ ʮʽʣʦʤʫ ʘʣʛʦʨʠʪʤ ʻ ʝʬʝʢʪʠʚʥʠʤ ʜʣʷ ʧʦʙʫʜʦʚʠ 3D-ʤʦʜʝʣʝʡ ʽ ʤʦʞʝ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʴ ʷʢ ʙʘʟʦʚʠʡ ʧʽʜʭʽʜ ʫ ʟʘʜʘʯʘʭ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ. 

ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʤʝʪʦʜʽʚ 3D ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʧʦʚôʷʟʘʥʠʡ ʽʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʤʝʪʦʜʽʚ ʱʽʣʴʥʦʾ ʨʝʢʦʥʩʪʨʫʢʮʽʾ [6]. 
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4. Schºnberger J. L. Structure-from-Motion Revisited / J. L. Schºnberger, J.-M. 

Frahm // Proceedings of the IEEE Conference on Computer Vision and Pattern 

Recognition (CVPR).ï 2016.ï P. 4104ï4111. 

5. Fischler M. A. Random Sample Consensus: A Paradigm for Model Fitting with 

Applications to Image Analysis and Automated Cartography / M. A. Fischler, R. 

C. Bolles // Communications of the ACM.ï 1981.ï Vol. 24.ï ̄  6.ï P. 381ï395. 

6. Lee Y. Three-Dimensional Dense Reconstruction: A Review of Algorithms and 

Datasets / Y. Lee // Sensors.ï 2024.ï Vol. 24. 

7. Multi -view datasets / Visual Geometry Group, University of Oxford 

[ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: 

http://www.robots.ox.ac.uk/~vgg/data/data-mview.html 

  

http://www.robots.ox.ac.uk/~vgg/data/data-mview.html
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ɺɯɼʉʊɽɾɽʅʅʗ ʈʋʍʆʄʆɻʆ ʆɹôɭʂʊɸ ʋ ɺɯɼɽʆʇʆʉʃɯɼʆɺʅʆʉʊɯ ɿ 

ɺʀʂʆʈʀʉʊɸʅʅʗʄ ʌɯʃʔʊʈɸ ʏɸʉʊʀʅʆʂ 

ʑʠʨʙʘ ɸʥʘʩʪʘʩʽʷ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤ. ɯʚʘʥʘ ʌʨʘʥʢʘ, 

ʬʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

ANASTASIIA.SHCHYRBA.PMP@LNU.EDU.UA 

ɺʩʪʫʧ  

ʋ ʩʫʯʘʩʥʠʭ ʟʘʜʘʯʘʭ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʙʘʯʝʥʥʷ ʚʘʞʣʠʚʝ ʤʽʩʮʝ ʟʘʡʤʘʻ 

ʚʽʜʩʪʝʞʝʥʥʷ ʨʫʭʦʤʠʭ ʦʙôʻʢʪʽʚ ʫ ʚʽʜʝʦʧʦʩʣʽʜʦʚʥʦʩʪʷʭ. ʊʘʢʽ ʟʘʜʘʯʽ ʚʠʥʠʢʘʶʪʴ ʫ 

ʩʠʩʪʝʤʘʭ ʚʽʜʝʦʩʧʦʩʪʝʨʝʞʝʥʥʷ, ʘʚʪʦʥʦʤʥʦʤʫ ʪʨʘʥʩʧʦʨʪʽ, ʨʦʙʦʪʦʪʝʭʥʽʮʽ ʪʘ 

ʘʥʘʣʽʟʽ ʧʦʚʝʜʽʥʢʠ ʦʙôʻʢʪʽʚ. ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʻ ʪʝ, ʱʦ ʨʫʭ ʦʙôʻʢʪʘ ʚ 

ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ ʻ ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʠʤ: ʤʦʞʣʠʚʽ ʨʽʟʢʽ ʟʤʽʥʠ ʪʨʘʻʢʪʦʨʽʾ, 

ʰʚʠʜʢʦʩʪʽ, ʯʘʩʪʢʦʚʽ ʧʝʨʝʢʨʠʪʪʷ ʪʘ ʰʫʤʠ [1]. 

ʂʣʘʩʠʯʥʽ ʤʝʪʦʜʠ ʚʽʜʩʪʝʞʝʥʥʷ, ʥʘʧʨʠʢʣʘʜ, ʪʘʢʽ ʷʢ ʦʧʪʠʯʥʦʛʦ ʧʦʪʦʢʫ, 

ʙʘʟʫʶʪʴʩʷ ʥʘ ʧʨʠʧʫʱʝʥʥʽ ʧʣʘʚʥʦʩʪʽ ʨʫʭʫ, ʱʦ ʦʙʤʝʞʫʻ ʾʭ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ 

ʩʢʣʘʜʥʠʭ ʩʮʝʥʘʭ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ ʻ ʜʦʮʽʣʴʥʠʤ ʚʠʢʦʨʠʩʪʘʥʥʷ ʡʤʦʚʽʨʥʽʩʥʠʭ 

ʤʝʪʦʜʽʚ, ʟʦʢʨʝʤʘ ʬʽʣʴʪʨʘ ʯʘʩʪʠʥʦʢ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʚʨʘʭʦʚʫʚʘʪʠ ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ 

ʪʘ ʥʝʣʽʥʽʡʥʽʩʪʴ ʨʫʭʫ [1, 4]. 

 

ʄʘʪʝʤʘʪʠʯʥʘ ʤʦʜʝʣʴ ʟʘʜʘʯʽ ʚʽʜʩʪʝʞʝʥʥʷ  

ʅʝʭʘʡ ʚʽʜʝʦʧʦʩʣʽʜʦʚʥʽʩʪʴ ʟʘʜʘʥʘ ʜʠʩʢʨʝʪʥʠʤ ʥʘʙʦʨʦʤ ʢʘʜʨʽʚ: 

Ὅὼȟώ ȟὸ ρȟςȟȣȟὲȟ     (1) 

ʜʝ ὸ  ʥʦʤʝʨ ʢʘʜʨʫ,ὼȟώ  ʢʦʦʨʜʠʥʘʪʠ ʧʽʢʩʝʣʷ, ὲ  ʢʽʣʴʢʽʩʪʴ ʢʘʜʨʽʚ [2]. 

ʉʪʘʥ ʦʙôʻʢʪʘ ʫ ʤʦʤʝʥʪ ʯʘʩʫ ὸ ʦʧʠʩʫʻʪʴʩʷ ʚʝʢʪʦʨʦʤ: 

ὢ ὼȟώȟὺȟȟὺȟȟ     (2) 

ʜʝ ὼȟώ  ʢʦʦʨʜʠʥʘʪʠ ʮʝʥʪʨʫ ʦʙôʻʢʪʘ, ὺȟȟὺȟ  ʢʦʤʧʦʥʝʥʪʠ ʰʚʠʜʢʦʩʪʽ. 

ɼʠʥʘʤʽʢʘ ʨʫʭʫ ʟʘʜʘʻʪʴʩʷ ʨʽʚʥʷʥʥʷʤ ʧʝʨʝʭʦʜʫ: 

ὢ Ὂὢ ύȟ    (3) 

ʜʝ Ὂ  ʤʘʪʨʠʮʷ ʧʝʨʝʭʦʜʫ ʩʪʘʥʫ: 

Ὂ

ρ π ῳὸπ
π ρ π ῳὸ
π π ρ π
π π π ρ

ȟ    (4) 

ʘ ῳὸ  ʯʘʩʦʚʠʡ ʽʥʪʝʨʚʘʣ ʤʽʞ ʢʘʜʨʘʤʠ. 

mailto:ANASTASIIA.SHCHYRBA.PMP@LNU.EDU.UA


28 

 

ɺʝʢʪʦʨ ύ ʦʧʠʩʫʻ ʰʫʤ ʧʨʦʮʝʩʫ ʪʘ ʤʦʜʝʣʶʻ ʚʠʧʘʜʢʦʚʽ ʚʽʜʭʠʣʝʥʥʷ ʨʫʭʫ. 

ɺʽʥ ʚʚʘʞʘʻʪʴʩʷ ʛʘʫʩʩʽʚʩʴʢʠʤ ʽʟ ʢʦʚʘʨʽʘʮʽʡʥʦʶ ʤʘʪʨʠʮʝʶ: 

ὗ

ở

Ở
ờ

„ π π π

π „ π π

π π „ π

π π π „ Ợ

ỡ
Ỡ
Ȣυ 

ʉʧʦʩʪʝʨʝʞʝʥʥʷ ʟ ʚʽʜʝʦ ʦʧʠʩʫʶʪʴʩʷ ʨʽʚʥʷʥʥʷʤ: 

ὣ Ὄὢ ὺȟ    (6) 

ʜʝ ὣ  ʚʠʤʽʨʷʥʝ ʧʦʣʦʞʝʥʥʷ ʦʙôʻʢʪʘ, Ὄ  ʤʘʪʨʠʮʷ ʩʧʦʩʪʝʨʝʞʝʥʥʷ, ὺ  ʰʫʤ 

ʚʠʤʽʨʶʚʘʥʥʷ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʟʘʜʘʯʘ ʚʽʜʩʪʝʞʝʥʥʷ ʟʚʦʜʠʪʴʩʷ ʜʦ ʦʮʽʥʶʚʘʥʥʷ 

ʧʨʠʭʦʚʘʥʦʛʦ ʩʪʘʥʫ ὢ ʟʘ ʧʦʩʣʽʜʦʚʥʽʩʪʶ ʩʧʦʩʪʝʨʝʞʝʥʴ ὣ, ʱʦ ʬʦʨʤʫʣʶʻʪʴʩʷ ʫ 

ʨʘʤʢʘʭ ʙʘʡʻʩʽʚʩʴʢʦʛʦ ʧʽʜʭʦʜʫ [1, 2]. 

 

ʌʽʣʴʪʨ ʯʘʩʪʠʥʦʢ  

ʋ ʟʘʜʘʯʘʭ ʚʽʜʩʪʝʞʝʥʥʷ ʦʙôʻʢʪʘ ʫ ʚʽʜʝʦʧʦʩʣʽʜʦʚʥʦʩʪʽ ʢʦʦʨʜʠʥʘʪʠ ʦʙôʻʢʪʘ 

ʥʝ ʤʦʞʫʪʴ ʚʚʘʞʘʪʠʩʷ ʪʦʯʥʦ ʚʽʜʦʤʠʤʠ ʯʝʨʝʟ ʰʫʤ, ʟʤʽʥʫ ʦʩʚʽʪʣʝʥʥʷ ʪʘ ʦʢʣʶʟʽʾ. 

ʊʦʤʫ ʜʦʮʽʣʴʥʦ ʨʦʟʛʣʷʜʘʪʠ ʩʪʘʥ ʦʙôʻʢʪʘ ʷʢ ʚʠʧʘʜʢʦʚʫ ʚʝʣʠʯʠʥʫ ʪʘ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʙʘʡʻʩʽʚʩʴʢʠʡ ʧʽʜʭʽʜ ʜʦ ʦʮʽʥʶʚʘʥʥʷ [1, 2]. 

ʅʝʭʘʡ: 

¶ ὢ  ʩʪʘʥ ʦʙôʻʢʪʘ ʫ ʤʦʤʝʥʪ ʯʘʩʫ ὸ, 

¶ ὣ  ʚʠʤʽʨʶʚʘʥʥʷ,  

¶ ὣȡ  ʩʫʢʫʧʥʽʩʪʴ ʩʧʦʩʪʝʨʝʞʝʥʴ.  

ʆʩʥʦʚʥʦʶ ʟʘʜʘʯʝʶ ʻ ʦʮʽʥʶʚʘʥʥʷ ʘʧʦʩʪʝʨʽʦʨʥʦʛʦ ʨʦʟʧʦʜʽʣʫ: 

ὴὢȿὣȡȢ    (7) 

ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʨʝʢʫʨʩʠʚʥʘ ʙʘʡʻʩʽʚʩʴʢʘ ʦʮʽʥʢʘ: 

ὴὢȿὣȡ
ȿ ȿ ȡ

ȿ ȡ
Ȣ    (8) 

ɸʥʘʣʽʪʠʯʥʝ ʦʙʯʠʩʣʝʥʥʷ ʮʴʦʛʦ ʨʦʟʧʦʜʽʣʫ ʫ ʟʘʛʘʣʴʥʦʤʫ ʚʠʧʘʜʢʫ ʻ 

ʥʝʤʦʞʣʠʚʠʤ, ʪʦʤʫ ʟʘʩʪʦʩʦʚʫʶʪʴʩʷ ʯʠʩʝʣʴʥʽ ʤʝʪʦʜʠ, ʟʦʢʨʝʤʘ ʬʽʣʴʪʨ ʯʘʩʪʠʥʦʢ 

[1]. 

ʌʽʣʴʪʨ ʯʘʩʪʠʥʦʢ ʘʧʨʦʢʩʠʤʫʻ ʨʦʟʧʦʜʽʣ ʤʥʦʞʠʥʦʶ ʯʘʩʪʠʥʦʢ:  

ὢ ȟύ ȟ    (9) 

ʜʝ ὢ   i-ʪʘ ʛʽʧʦʪʝʟʘ ʩʪʘʥʫ, ύ   ʾʾ ʚʘʛʘ. 

ʈʦʟʧʦʜʽʣ ʧʦʜʘʻʪʴʩʷ ʷʢ:  
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ὴὢȿὣȡ В ύ ὢ‏ ὢ ȟ    (10) 

ʜʝ ‏ὢ ὢ ð ʜʝʣʴʪʘ-ʬʫʥʢʮʽʷ ɼʽʨʘʢʘ, ʷʢʘ ʟʦʩʝʨʝʜʞʫʻ ʡʤʦʚʽʨʥʽʩʪʴ ʫ ʪʦʯʮʽ 

ὢ . ɯʥʘʢʰʝ ʢʘʞʫʯʠ, ʘʧʦʩʪʝʨʽʦʨʥʠʡ ʨʦʟʧʦʜʽʣ ʩʪʘʥʫ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʟʚʘʞʝʥʦʶ 

ʩʫʤʦʶ ʜʝʣʴʪʘ-ʬʫʥʢʮʽʡ, ʮʝʥʪʨʦʚʘʥʠʭ ʫ ʧʦʣʦʞʝʥʥʷʭ ʯʘʩʪʠʥʦʢ, ʜʝ ʚʘʛʠ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʧʨʘʚʜʦʧʦʜʽʙʥʽʩʪʴ ʢʦʞʥʦʾ ʛʽʧʦʪʝʟʠ [1]. 

ɸʣʛʦʨʠʪʤ ʬʽʣʴʪʨʘ ʯʘʩʪʠʥʦʢ ʚʢʣʶʯʘʻ ʪʘʢʽ ʝʪʘʧʠ: 

1. ɯʥʽʮʽʘʣʽʟʘʮʽʷ:  

ύ
ρ

ὔ
ρρ 

2. ʇʨʦʛʥʦʟʫʚʘʥʥʷ:  

ὢ Ὂὢ ύ     (12) 

3. ʆʮʽʥʶʚʘʥʥʷ ʧʨʘʚʜʦʧʦʜʽʙʥʦʩʪʽ:  

ύͯ ὴὣȿὢ ȟύ
ύͯ

В ύͯ
ρσ 

4. ʇʝʨʝʚʠʙʽʨʢʘ  ʫʩʫʥʝʥʥʷ ʚʠʨʦʜʞʝʥʥʷ ʯʘʩʪʠʥʦʢ.  

5. ʆʮʽʥʶʚʘʥʥʷ ʩʪʘʥʫ:  

ὢͮ В ύ ὢ Ȣ    (14) 

ʌʽʣʴʪʨ ʯʘʩʪʠʥʦʢ ʜʦʟʚʦʣʷʻ ʚʨʘʭʦʚʫʚʘʪʠ ʥʝʣʽʥʽʡʥʽʩʪʴ ʨʫʭʫ ʪʘ 

ʥʝʚʠʟʥʘʯʝʥʽʩʪʴ ʚʠʤʽʨʶʚʘʥʴ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʩʪʽʡʢʝ ʚʽʜʩʪʝʞʝʥʥʷ ʥʘʚʽʪʴ ʧʨʠ 

ʨʽʟʢʽʡ ʟʤʽʥʽ ʪʨʘʻʢʪʦʨʽʾ ʪʘ ʯʘʩʪʢʦʚʽʡ ʚʪʨʘʪʽ ʦʙôʻʢʪʘ [1, 4]. 

 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ  

ʅʘ ʨʠʩʫʥʢʫ 1 ʤʦʞʝʤʦ ʧʦʙʘʯʠʪʠ ʧʨʦʮʝʩ ʨʦʙʦʪʠ ʘʣʛʦʨʠʪʤʫ ʚʽʜʩʪʝʞʝʥʥʷ 

ʥʘ ʦʩʥʦʚʽ ʨʦʟʛʣʷʥʫʪʦʛʦ ʘʣʛʦʨʠʪʤʫ ʧʨʠ ʨʫʩʽ ʦʙôʻʢʪʘ ʧʦ ʟʘʤʢʥʝʥʽʡ ʪʨʘʻʢʪʦʨʽʾ. 

ʉʧʦʯʘʪʢʫ ʦʙôʻʢʪ ʣʦʢʘʣʽʟʫʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʨʘʤʢʠ (ʟʝʣʝʥʦʛʦ ʢʦʣʴʦʨʫ), ʧʽʩʣʷ 

ʯʦʛʦ ʥʘʚʢʦʣʦ ʥʴʦʛʦ ʛʝʥʝʨʫʻʪʴʩʷ ʤʥʦʞʠʥʘ ʯʘʩʪʠʥʦʢ (ʩʠʥʽ ʪʦʯʢʠ), ʷʢʽ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʤʦʞʣʠʚʽ ʧʦʣʦʞʝʥʥʷ ʦʙôʻʢʪʘ. ʋ ʧʨʦʮʝʩʽ ʨʫʭʫ ʮʽ ʯʘʩʪʠʥʢʠ 

ʢʦʥʮʝʥʪʨʫʶʪʴʩʷ ʚ ʦʙʣʘʩʪʽ ʥʘʡʙʽʣʴʰʦʾ ʡʤʦʚʽʨʥʦʩʪʽ, ʘ ʯʝʨʚʦʥʘ ʪʦʯʢʘ ʚʽʜʦʙʨʘʞʘʻ 

ʦʮʽʥʝʥʝ ʧʦʣʦʞʝʥʥʷ ʦʙôʻʢʪʘ. ʏʝʨʚʦʥʘ ʣʽʥʽʷ ʜʝʤʦʥʩʪʨʫʻ ʥʘʢʦʧʠʯʝʥʫ ʪʨʘʻʢʪʦʨʽʶ 

ʨʫʭʫ. 
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ʈʠʩ. 1. ɺʽʜʩʪʝʞʝʥʥʷ ʦʙôʻʢʪʘ ʧʨʠ ʨʫʩʽ ʧʦ ʟʘʤʢʥʝʥʽʡ ʪʨʘʻʢʪʦʨʽʾ 

ɿ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʚʠʜʥʦ, ʱʦ ʘʣʛʦʨʠʪʤ ʥʘʙʣʠʞʝʥʦ ʚʽʜʪʚʦʨʶʻ 

ʬʦʨʤʫ ʪʨʘʻʢʪʦʨʽʾ, ʷʢʘ ʚʽʜʧʦʚʽʜʘʻ ʢʦʣʫ. ʅʝʟʥʘʯʥʽ ʚʽʜʭʠʣʝʥʥʷ ʪʨʘʻʢʪʦʨʽʾ 

ʧʦʷʩʥʶʶʪʴʩʷ ʚʧʣʠʚʦʤ ʰʫʤʫ ʪʘ ʧʨʦʮʝʩʦʤ ʫʩʝʨʝʜʥʝʥʥʷ ʧʦʣʦʞʝʥʴ ʯʘʩʪʠʥʦʢ [1]. 

ʅʘ ʨʠʩʫʥʢʫ 2 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ ʨʦʙʦʪʠ ʘʣʛʦʨʠʪʤʫ ʫ ʚʠʧʘʜʢʫ ʨʫʭʫ 

ʦʙôʻʢʪʘ ʟ ʪʠʤʯʘʩʦʚʦʶ ʚʪʨʘʪʦʶ ʜʝʪʝʢʮʽʾ. ʅʘ ʧʦʯʘʪʢʦʚʠʭ ʝʪʘʧʘʭ ʯʘʩʪʠʥʢʠ 

ʱʽʣʴʥʦ ʢʦʥʮʝʥʪʨʫʶʪʴʩʷ ʥʘʚʢʦʣʦ ʦʙôʻʢʪʘ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʪʦʯʥʝ ʚʠʟʥʘʯʝʥʥʷ 

ʡʦʛʦ ʧʦʣʦʞʝʥʥʷ. ʋ ʤʦʤʝʥʪ ʚʪʨʘʪʠ ʦʙôʻʢʪʘ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʨʦʟʩʽʶʚʘʥʥʷ 

ʯʘʩʪʠʥʦʢ, ʦʜʥʘʢ ʘʣʛʦʨʠʪʤ ʧʨʦʜʦʚʞʫʻ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʨʫʭʫ ʥʘ ʦʩʥʦʚʽ 

ʧʦʧʝʨʝʜʥʴʦʛʦ ʩʪʘʥʫ. ʇʽʩʣʷ ʧʦʚʪʦʨʥʦʾ ʧʦʷʚʠ ʦʙôʻʢʪʘ ʯʘʩʪʠʥʢʠ ʟʥʦʚʫ 

ʢʦʥʮʝʥʪʨʫʶʪʴʩʷ, ʽ ʚʽʜʩʪʝʞʝʥʥʷ ʰʚʠʜʢʦ ʚʽʜʥʦʚʣʶʻʪʴʩʷ. 

 
ʈʠʩ. 2. ɺʽʜʩʪʝʞʝʥʥʷ ʦʙôʻʢʪʘ ʟʘ ʫʤʦʚ ʪʠʤʯʘʩʦʚʦʾ ʚʪʨʘʪʠ ʜʝʪʝʢʮʽʾ 

ʊʘʢʠʤ ʯʠʥʦʤ, ʬʽʣʴʪʨ ʯʘʩʪʠʥʦʢ ʜʦʟʚʦʣʷʻ ʟʙʝʨʽʛʘʪʠ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʨʫʭ 

ʦʙôʻʢʪʘ ʥʘʚʽʪʴ ʟʘ ʚʽʜʩʫʪʥʦʩʪʽ ʚʠʤʽʨʶʚʘʥʴ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʥʝʧʝʨʝʨʚʥʽʩʪʴ 

ʚʽʜʥʦʚʣʝʥʦʾ ʪʨʘʻʢʪʦʨʽʾ [1, 3]. 

ɼʦʜʘʪʢʦʚʦ ʥʘ ʨʠʩʫʥʢʘʭ ʥʘʚʝʜʝʥʦ ʛʨʘʬʽʯʥʝ ʚʽʜʦʙʨʘʞʝʥʥʷ ʪʨʘʻʢʪʦʨʽʡ 

ʨʫʭʫ ʦʙôʻʢʪʘ ʫ ʢʦʦʨʜʠʥʘʪʥʦʤʫ ʧʨʦʩʪʦʨʽ. ʏʝʨʚʦʥʘ ʣʽʥʽʷ ʚʽʜʧʦʚʽʜʘʻ ʚʽʜʥʦʚʣʝʥʽʡ 

ʪʨʘʻʢʪʦʨʽʾ, ʟʝʣʝʥʘ ʪʦʯʢʘ ʧʦʟʥʘʯʘʻ ʧʦʯʘʪʦʢ ʨʫʭʫ, ʘ ʩʠʥʷ  ʢʽʥʝʮʴ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʘʣʛʦʨʠʪʤ ʘʜʝʢʚʘʪʥʦ ʚʽʜʪʚʦʨʶʻ 

ʭʘʨʘʢʪʝʨ ʨʫʭʫ ʦʙôʻʢʪʘ. ʋ ʧʝʨʰʦʤʫ ʚʠʧʘʜʢʫ ʪʨʘʻʢʪʦʨʽʷ ʤʘʻ ʬʦʨʤʫ, ʙʣʠʟʴʢʫ ʜʦ 

ʢʦʣʘ, ʘ ʚ ʜʨʫʛʦʤʫ  ʚʽʜʦʙʨʘʞʘʻ ʩʢʣʘʜʥʫ ʣʘʤʘʥʫ ʟʘʣʝʞʥʽʩʪʴ ʽʟ ʨʽʟʢʠʤʠ ʟʤʽʥʘʤʠ 



31 

 

ʥʘʧʨʷʤʢʫ. ʅʝʟʥʘʯʥʽ ʚʽʜʭʠʣʝʥʥʷ ʧʦʷʩʥʶʶʪʴʩʷ ʚʧʣʠʚʦʤ ʰʫʤʽʚ ʪʘ ʜʠʩʢʨʝʪʥʽʩʪʶ 

ʚʽʜʝʦʧʦʩʣʽʜʦʚʥʦʩʪʽ. 

 

ɺʠʩʥʦʚʦʢ  

ʗʢ ʚʠʜʥʦ ʟ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʪʘ ʧʦʙʫʜʦʚʘʥʠʭ ʪʨʘʻʢʪʦʨʽʡ, 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʬʽʣʴʪʨʘ ʯʘʩʪʠʥʦʢ ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ ʚʽʜʩʪʝʞʫʚʘʪʠ ʦʙôʻʢʪ 

ʥʘʚʽʪʴ ʫ ʚʠʧʘʜʢʘʭ ʥʝʣʽʥʽʡʥʦʛʦ ʨʫʭʫ ʪʘ ʨʽʟʢʦʾ ʟʤʽʥʠ ʪʨʘʻʢʪʦʨʽʾ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ 

ʢʣʘʩʠʯʥʠʭ ʤʝʪʦʜʽʚ, ʘʣʛʦʨʠʪʤ ʥʝ ʦʙʤʝʞʫʻʪʴʩʷ ʻʜʠʥʦʶ ʛʽʧʦʪʝʟʦʶ ʧʦʣʦʞʝʥʥʷ, ʘ 

ʚʨʘʭʦʚʫʻ ʤʥʦʞʠʥʫ ʤʦʞʣʠʚʠʭ ʩʪʘʥʽʚ ʦʙôʻʢʪʘ. 

ɿʦʢʨʝʤʘ, ʫ ʚʠʧʘʜʢʫ ʟʘʤʢʥʝʥʦʾ ʪʨʘʻʢʪʦʨʽʾ ʤʝʪʦʜ ʢʦʨʝʢʪʥʦ ʚʽʜʪʚʦʨʶʻ 

ʬʦʨʤʫ ʨʫʭʫ, ʘ ʧʨʠ ʪʠʤʯʘʩʦʚʽʡ ʚʪʨʘʪʽ ʦʙôʻʢʪʘ ʧʨʦʜʦʚʞʫʻ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʪʘ 

ʰʚʠʜʢʦ ʚʽʜʥʦʚʣʶʻ ʚʽʜʩʪʝʞʝʥʥʷ ʧʽʩʣʷ ʡʦʛʦ ʧʦʚʪʦʨʥʦʾ ʧʦʷʚʠ. ɺʦʜʥʦʯʘʩ ʥʝʟʥʘʯʥʽ 

ʚʽʜʭʠʣʝʥʥʷ ʟʫʤʦʚʣʝʥʽ ʚʧʣʠʚʦʤ ʰʫʤʽʚ ʪʘ ʧʨʦʮʝʩʦʤ ʫʩʝʨʝʜʥʝʥʥʷ ʧʦʣʦʞʝʥʥʷ 

ʯʘʩʪʠʥʦʢ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʬʽʣʴʪʨ ʯʘʩʪʠʥʦʢ ʻ ʩʪʽʡʢʠʤ ʤʝʪʦʜʦʤ ʚʽʜʩʪʝʞʝʥʥʷ, 

ʧʨʠʜʘʪʥʠʤ ʜʣʷ ʟʘʜʘʯ ʽʟ ʩʢʣʘʜʥʦʶ ʜʠʥʘʤʽʢʦʶ ʨʫʭʫ ʪʘ ʥʝʚʠʟʥʘʯʝʥʽʩʪʶ 

ʚʠʤʽʨʶʚʘʥʴ. 
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ʈʆɿʇɯɿʅɸɺɸʅʅʗ ʆʅʂʆʃʆɻɯʏʅʀʍ ʇɸʊʆʃʆɻɯʁ ʅɸ ʄɽɼʀʏʅʀʍ 

ɿʆɹʈɸɾɽʅʅʗʍ ɯɿ ɿɸʉʊʆʉʋɺɸʅʅʗʄ ʌʈɸʂʊɸʃʔʅʆɻʆ ɸʅɸʃɯɿʋ 

ʄʘʨʽʷ ʂʽʩʽʣʴ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 
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ɸʢʪʫʘʣʴʥʽʩʪʴ  

ʉʫʯʘʩʥʘ ʝʧʽʜʝʤʽʦʣʦʛʽʯʥʘ ʩʠʪʫʘʮʽʷ ʭʘʨʘʢʪʝʨʠʟʫʻʪʴʩʷ ʟʨʦʩʪʘʥʥʷʤ 

ʢʽʣʴʢʦʩʪʽ ʚʠʧʘʜʢʽʚ ʦʥʢʦʣʦʛʽʯʥʠʭ ʟʘʭʚʦʨʶʚʘʥʴ ʥʝ ʣʠʰʝ ʚ ʋʢʨʘʾʥʽ, ʘʣʝ ʡ ʫ 

ʚʩʴʦʤʫ ʩʚʽʪʽ. ɺʩʪʘʥʦʚʣʝʥʥʷ ʜʽʘʛʥʦʟʫ ʥʘ ʨʘʥʥʽʭ ʩʪʘʜʽʷʭ ʨʦʟʚʠʪʢʫ ʟʘʭʚʦʨʶʚʘʥʥʷ 

ʤʘʻ ʚʠʨʽʰʘʣʴʥʝ ʟʥʘʯʝʥʥʷ, ʦʩʢʽʣʴʢʠ ʟʘʙʝʟʧʝʯʫʻ ʤʦʞʣʠʚʽʩʪʴ ʩʚʦʻʯʘʩʥʦʛʦ 

ʤʝʜʠʯʥʦʛʦ ʚʪʨʫʯʘʥʥʷ ʧʨʠ ʤʽʥʽʤʘʣʴʥʠʭ ʧʘʪʦʣʦʛʽʯʥʠʭ ʟʤʽʥʘʭ ʪʘ ʧʽʜʚʠʱʫʻ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʣʽʢʫʚʘʥʥʷ. ʆʜʥʠʤ ʽʟ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʥʘʧʨʷʤʽʚ ʫʜʦʩʢʦʥʘʣʝʥʥʷ 

ʨʘʥʥʴʦʾ ʜʽʘʛʥʦʩʪʠʢʠ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʽʚ, ʱʦ ˇʨʫʥʪʫʶʪʴʩʷ ʥʘ ʚʠʟʥʘʯʝʥʥʽ 

ʚʣʘʩʪʠʚʦʩʪʝʡ ʬʨʘʢʪʘʣʽʚ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʪʘʢʠʭ ʧʽʜʭʦʜʽʚ ʜʦʟʚʦʣʷʻ ʟ ʚʠʩʦʢʦʶ 

ʪʦʯʥʽʩʪʶ ʪʘ ʦʧʝʨʘʪʠʚʥʽʩʪʶ ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʧʘʪʦʣʦʛʽʾ, ʷʢʽ ʱʝ ʥʝ ʧʨʦʷʚʣʷʶʪʴʩʷ 

ʫ ʚʠʛʣʷʜʽ ʷʚʥʠʭ ʢʣʽʥʽʯʥʠʭ ʩʠʤʧʪʦʤʽʚ, ʱʦ ʚʽʜʢʨʠʚʘʻ ʥʦʚʽ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ 

ʧʽʜʚʠʱʝʥʥʷ ʨʝʟʫʣʴʪʘʪʠʚʥʦʩʪʽ ʧʨʦʬʽʣʘʢʪʠʢʠ ʪʘ ʣʽʢʫʚʘʥʥʷ ʦʥʢʦʣʦʛʽʯʥʠʭ 

ʭʚʦʨʦʙ. 

ʆʩʥʦʚʥʝ ʬʦʨʤʫʣʶʚʘʥʥʷ 

ɼʦʩʣʽʜʞʝʥʥʷ ʩʧʨʷʤʦʚʘʥʝ ʥʘ ʘʥʘʣʽʟ ʥʘʙʦʨʫ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ ʽʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʤʝʪʦʜʽʚ ʬʨʘʢʪʘʣʴʥʦʾ ʪʝʦʨʽʾ [1]. ɿʦʢʨʝʤʘ, ʟʜʽʡʩʥʶʻʪʴʩʷ 

ʚʠʟʥʘʯʝʥʥʷ ʬʨʘʢʪʘʣʴʥʦʾ ʨʦʟʤʽʨʥʦʩʪʽ (ʬʨʘʢʪʘʣʴʥʦʛʦ ʽʥʜʝʢʩʫ) [2] ʱʦʥʘʡʤʝʥʰʝ 

ʜʚʦʤʘ ʨʽʟʥʠʤʠ ʧʽʜʭʦʜʘʤʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʧʽʜʚʠʱʝʥʥʷ ʜʦʩʪʦʚʽʨʥʦʩʪʽ 

ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ. ɺʠʢʦʨʠʩʪʦʚʫʶʯʠ ʧʝʚʥʽ ʤʝʪʦʜʠ, ʧʨʦʚʦʜʠʪʴʩʷ 

ʜʦʩʣʽʜʞʝʥʥʷ ʄʈʊ-ʟʦʙʨʘʞʝʥʴ ʟʘʣʝʞʥʦ ʚʽʜ ʾʭ ʪʠʧʦʣʦʛʽʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

ʇʦʜʘʣʴʰʠʡ ʝʪʘʧ ʨʦʙʦʪʠ ʧʝʨʝʜʙʘʯʘʻ ʧʦʨʽʚʥʷʥʥʷ ʦʪʨʠʤʘʥʠʭ ʟʥʘʯʝʥʴ 

ʬʨʘʢʪʘʣʴʥʦʾ ʨʦʟʤʽʨʥʦʩʪʽ ʪʘ ʘʥʘʣʽʟ ʚʽʜʤʽʥʥʦʩʪʝʡ ʤʽʞ ʟʦʙʨʘʞʝʥʥʷʤʠ, ʱʦ 

ʚʽʜʧʦʚʽʜʘʶʪʴ ʥʦʨʤʽ, ʽ ʪʠʤʠ, ʷʢʽ ʤʽʩʪʷʪʴ ʧʘʪʦʣʦʛʽʯʥʽ ʟʤʽʥʠ. ʊʘʢʠʡ ʧʽʜʭʽʜ 

ʜʦʟʚʦʣʷʻ ʚʠʷʚʠʪʠ ʩʧʝʮʠʬʽʯʥʽ ʦʩʦʙʣʠʚʦʩʪʽ ʬʨʘʢʪʘʣʴʥʦʾ ʩʪʨʫʢʪʫʨʠ ʤʝʜʠʯʥʠʭ 

ʟʦʙʨʘʞʝʥʴ ʪʘ ʦʮʽʥʠʪʠ ʧʦʪʝʥʮʽʘʣ ʚʠʢʦʨʠʩʪʘʥʥʷ ʬʨʘʢʪʘʣʴʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʷʢ 

ʜʽʘʛʥʦʩʪʠʯʥʦʛʦ ʽʥʩʪʨʫʤʝʥʪʫ ʜʣʷ ʨʘʥʥʴʦʛʦ ʚʠʷʚʣʝʥʥʷ ʧʘʪʦʣʦʛʽʡ. 

ɸʣʛʦʨʠʪʤ 

ʄʝʪʦʜ ʧʽʜʨʘʭʫʥʢʫ ʢʚʘʜʨʘʪʽʚ ʙʘʟʫʻʪʴʩʷ ʥʘ ʽʜʝʾ ʧʦʢʨʠʪʪʷ ʟʦʙʨʘʞʝʥʥʷ 

ʬʨʘʢʪʘʣʴʥʦʶ ʩʽʪʢʦʶ, ʨʦʟʤʽʨ ʦʙʦʭ ʩʪʦʨʽʥ ʢʚʘʜʨʘʪʽʚ ʧʦʩʪʫʧʦʚʦ ʟʤʝʥʰʫʶʪʴ ʽ ʥʘ 
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ʢʦʞʥʦʤʫ ʢʨʦʮʽ ʦʙʯʠʩʣʶʶʪʴ ʢʽʣʴʢʽʩʪʴ ʢʚʘʜʨʘʪʽʚ N, ʷʢʽ ʤʽʩʪʷʪʴ ʯʘʩʪʠʥʠ ʦʙôʻʢʪʘ 

ʜʦʩʣʽʜʞʝʥʥʷ. ʌʦʨʤʫʣʘ ʨʦʟʨʘʭʫʥʢʫ ʨʦʟʤʽʨʥʦʩʪʽ ʤʘʻ ʚʠʛʣʷʜ: 

Ὀ ὰὭά
ᴼ

ὰὲὔ‐

ὰὲρȾ‐
ȟρ 

ʜʝ ὔ‐ð ʢʽʣʴʢʽʩʪʴ ʛʝʦʤʝʪʨʠʯʥʠʭ ʬʽʛʫʨ, ʱʦ ʧʦʢʨʠʚʘʶʪʴ ʦʙôʻʢʪ, ʘ ‐ð ʩʪʦʨʦʥʘ ʢʚʘʜʨʘʪʘ, 

ʷʢʠʡ ʻ ʤʘʩʰʪʘʙʥʠʤ ʢʦʝʬʽʮʽʻʥʪʦʤ. 

ɼʣʷ ʮʠʬʨʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʢʨʠʪʝʨʽʻʤ ʟʘʧʦʚʥʝʥʥʷ ʢʦʤʽʨʢʠ ʻ ʥʘʷʚʥʽʩʪʴ 

ʧʽʢʩʝʣʽʚ ʽʟ ʟʘʜʘʥʠʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ (ʥʘʧʨʠʢʣʘʜ, ʽʥʪʝʥʩʠʚʥʽʩʪʴ ʘʙʦ ʢʦʣʽʨ), ʱʦ 

ʧʝʨʝʚʠʱʫʶʪʴ ʚʩʪʘʥʦʚʣʝʥʠʡ ʧʦʨʽʛ. ʅʘ ʧʨʘʢʪʠʮʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʯʠʩʣʦʚʠʡ 

ʘʣʛʦʨʠʪʤ. ɺʽʥ ʧʝʨʝʜʙʘʯʘʻ ʚʠʟʥʘʯʝʥʥʷ ʟʘʣʝʞʥʦʩʪʽ ʢʽʣʴʢʦʩʪʽ ʢʦʤʽʨʦʢ, ʱʦ 

ʧʦʢʨʠʚʘʶʪʴ ʬʨʘʢʪʘʣ, ʚʽʜ ʨʦʟʤʽʨʫ ʮʠʭ ʢʦʤʽʨʦʢ. ɼʘʣʽ ʥʘ ʮʽʡ ʟʘʣʝʞʥʦʩʪʽ 

ʚʠʜʽʣʷʻʪʴʩʷ ʣʽʥʽʡʥʘ ʜʽʣʷʥʢʘ, ʷʢʘ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʣʽʥʽʡʥʦʶ ʬʫʥʢʮʽʻʶ. 

ʈʦʟʨʘʭʫʥʦʢ ʧʘʨʘʤʝʪʨʽʚ ʧʨʷʤʦʾ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʽʪʝʨʘʮʽʡʥʦʛʦ ʤʝʪʦʜʫ 

ʥʘʡʤʝʥʰʠʭ ʢʚʘʜʨʘʪʽʚ. ʂʽʥʮʝʚʠʡ ʨʝʟʫʣʴʪʘʪ, ʘ ʩʘʤʝ ʨʦʟʤʽʨʥʽʩʪʴ ʬʨʘʢʪʘʣʘ, 

ʚʠʟʥʘʯʘʻʪʴʩʷ ʯʝʨʝʟ ʢʫʪʦʚʠʡ ʢʦʝʬʽʮʽʻʥʪ ʮʽʻʾ ʧʨʷʤʦʾ. 

ɺʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ɻʘʫʩʜʦʨʬʘ ʙʘʟʫʻʪʴʩʷ ʥʘ ʘʥʘʣʽʟʽ ʤʝʪʨʠʯʥʦʾ ʻʤʥʦʩʪʽ 

ʦʙôʻʢʪʘ. ʉʫʪʥʽʩʪʴ ʤʝʪʦʜʫ ʧʦʣʷʛʘʻ ʫ ʥʘʢʣʘʜʘʥʥʽ ʥʘ ʜʦʩʣʽʜʞʫʚʘʥʝ ʟʦʙʨʘʞʝʥʥʷ 

ʛʝʦʤʝʪʨʠʯʥʠʭ ʬʽʛʫʨ ʦʜʥʘʢʦʚʦʛʦ ʨʦʟʤʽʨʫ (ʥʘʡʯʘʩʪʽʰʝ ʢʽʣ), ʷʢʽ ʧʦʩʪʫʧʦʚʦ 

ʟʤʽʥʶʶʪʴ ʤʘʩʰʪʘʙ. ɼʣʷ ʢʦʞʥʦʛʦ ʟʥʘʯʝʥʥʷ ʤʘʩʰʪʘʙʫ ʦʙʯʠʩʣʶʻʪʴʩʷ ʤʽʥʽʤʘʣʴʥʘ 

ʢʽʣʴʢʽʩʪʴ ʬʽʛʫʨ ὔὶ, ʥʝʦʙʭʽʜʥʠʭ ʜʣʷ ʧʦʚʥʦʛʦ ʧʦʢʨʠʪʪʷ ʦʙôʻʢʪʘ. 

ʌʨʘʢʪʘʣʴʥʘ ʨʦʟʤʽʨʥʽʩʪʴ ʚʠʟʥʘʯʘʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

 

Ὀ ὰὭά
ᴼ

ὰὲὔὶ

ὰὲρȾὶ
ȟς 

 

ʜʝ ὔὶð ʢʽʣʴʢʽʩʪʴ ʛʝʦʤʝʪʨʠʯʥʠʭ ʬʽʛʫʨ, ʱʦ ʧʦʢʨʠʚʘʶʪʴ ʦʙôʻʢʪ, ʘ ὶð ʨʘʜʽʫʩ ʢʦʣʘ ʘʙʦ 

ʩʬʝʨʠ, ʷʢʠʡ ʚʠʩʪʫʧʘʻ ʢʦʝʬʽʮʽʻʥʪʦʤ ʤʘʩʰʪʘʙʫʚʘʥʥʷ. 

ʊʘʢʠʤ ʯʠʥʦʤ, ʤʝʪʦʜ ɻʘʫʩʜʦʨʬʘ ʜʦʟʚʦʣʷʻ ʚʩʪʘʥʦʚʠʪʠ ʟʘʣʝʞʥʽʩʪʴ ʤʽʞ ʤʘʩʰʪʘʙʦʤ ʪʘ 

ʢʽʣʴʢʽʩʪʶ ʥʝʦʙʭʽʜʥʠʭ ʧʦʢʨʠʚʘʶʯʠʭ ʬʽʛʫʨ, ʱʦ ʜʘʻ ʟʤʦʛʫ ʦʮʽʥʠʪʠ ʩʢʣʘʜʥʽʩʪʴ ʪʘ 

ʩʘʤʦʧʦʜʽʙʥʽʩʪʴ ʩʪʨʫʢʪʫʨʠ ʦʙôʻʢʪʘ. 

ʄʝʪʦʜ çʤʘʩʘ-ʨʘʜʽʫʩè ʙʘʟʫʻʪʴʩʷ ʥʘ ʦʮʽʥʮʽ ʨʦʟʧʦʜʽʣʫ çʤʘʩʠè ʜʦʩʣʽʜʞʫʚʘʥʦʛʦ ʦʙ'ʻʢʪʘ 

ʚʽʜʥʦʩʥʦ ʡʦʛʦ ʣʦʢʘʣʴʥʦʛʦ ʮʝʥʪʨʫ. ʅʘ ʟʦʙʨʘʞʝʥʥʷ ʥʘʢʣʘʜʘʶʪʴʩʷ ʢʦʣʘ ʟ ʨʽʟʥʠʤʠ 

ʨʘʜʽʫʩʘʤʠ, ʧʽʩʣʷ ʯʦʛʦ ʚʠʟʥʘʯʘʻʪʴʩʷ ʩʘʤʘ çʤʘʩʘè ʩʪʨʫʢʪʫʨʠ ð ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ, ʱʦ 

ʥʘʣʝʞʘʪʴ ʦʙôʻʢʪʫ ʚʩʝʨʝʜʠʥʽ ʚʽʜʧʦʚʽʜʥʦʛʦ ʢʦʣʘ. 

ʌʨʘʢʪʘʣʴʥʘ ʨʦʟʤʽʨʥʽʩʪʴ ʫ ʮʴʦʤʫ ʚʠʧʘʜʢʫ ʨʦʟʨʘʭʦʚʫʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 
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Ὀ ὰὭά 
ᴼ

ὰὲ ὓὶ

ὰὲὶ
ȟσ 

ʜʝ ὓὶð ʤʘʩʘ ʩʪʨʫʢʪʫʨʠ ʚʩʝʨʝʜʠʥʽ ʢʦʣʘ ʨʘʜʽʫʩʘ ὶ. 

ʎʝʡ ʤʝʪʦʜ ʻ ʦʩʦʙʣʠʚʦ ʝʬʝʢʪʠʚʥʠʤ ʜʣʷ ʘʥʘʣʽʟʫ ʩʢʣʘʜʥʠʭ ʨʦʟʛʘʣʫʞʝʥʠʭ ʩʪʨʫʢʪʫʨ, 

ʦʩʢʽʣʴʢʠ ʜʦʟʚʦʣʷʻ ʦʮʽʥʠʪʠ ʾʭʥʶ ʩʢʣʘʜʥʽʩʪʴ ʪʘ ʩʘʤʦʧʦʜʽʙʥʽʩʪʴ. ʎʝʥʪʨ ʢʽʣ ʟʘʟʚʠʯʘʡ 

ʨʦʟʪʘʰʦʚʫʶʪʴ ʫ ʛʝʦʤʝʪʨʠʯʥʦʤʫ ʮʝʥʪʨʽ ʤʘʩ ʘʙʦ ʚ ʪʦʯʮʽ ʧʦʯʘʪʢʫ ʛʘʣʫʞʝʥʥʷ. 

ʈʝʟʫʣʴʪʘʪʠ 

ɼʣʷ ʚʧʨʦʚʘʜʞʝʥʥʷ ʥʘ ʧʨʘʢʪʠʮʽ ʨʦʟʨʦʙʣʷʣʘʩʷ ʧʨʦʛʨʘʤʘ ʜʣʷ ʘʥʘʣʽʟʫ 

ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʜʝ ʢʦʨʠʩʪʫʚʘʯ ʤʦʞʝ ʟʘʚʘʥʪʘʞʠʪʠ ʮʠʬʨʦʚʽ ʄʈʊ-ʟʥʽʤʢʠ, 

ʧʨʦʚʝʩʪʠ ʾʭ ʧʦʧʝʨʝʜʥʶ ʘʣʛʦʨʠʪʤʽʯʥʫ ʦʙʨʦʙʢʫ ʪʘ ʘʚʪʦʤʘʪʠʯʥʦ ʦʙʯʠʩʣʠʪʠ 

ʬʨʘʢʪʘʣʴʥʫ ʨʦʟʤʽʨʥʽʩʪʴ ʟʘ ʚʠʙʨʘʥʠʤʠ ʤʝʪʦʜʘʤʠ.  

ʋ ʧʨʦʮʝʩʽ ʜʦʩʣʽʜʞʝʥʥʷ ʙʘʟʫ ʄʈʊ-ʟʥʽʤʢʽʚ ʙʫʣʦ ʨʦʟʜʽʣʝʥʦ ʥʘ ʜʚʽ ʚʠʙʽʨʢʠ: 

ʟʦʙʨʘʞʝʥʥʷ ʤʦʟʢʫ ʙʝʟ ʜʝʬʝʢʪʽʚ (ʟʜʦʨʦʚʽ ʧʘʮʽʻʥʪʠ) ʪʘ ʟʦʙʨʘʞʝʥʥʷ ʟ ʥʘʷʚʥʠʤʠ 

ʧʘʪʦʣʦʛʽʷʤʠ (ʟʣʦʷʢʽʩʥʠʤʠ ʧʫʭʣʠʥʘʤʠ).  

ʈʝʟʫʣʴʪʘʪʠ ʧʨʦʛʨʘʤʥʦʛʦ ʤʦʜʝʣʶʚʘʥʥʷ ʧʦʢʘʟʘʣʠ ʝʬʝʢʪʠʚʥʽʩʪʴ 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʽʚ ʧʦʢʨʠʪʪʷ, ʟʦʢʨʝʤʘ ʚʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʥʦʩʪʽ ɻʘʫʩʜʦʨʬʘ, 

ʜʦ ʚʠʜʽʣʝʥʠʭ ʢʦʥʪʫʨʽʚ ʦʙ'ʻʢʪʽʚ. ʉʝʨʝʜʥʷ ʬʨʘʢʪʘʣʴʥʘ ʨʦʟʤʽʨʥʽʩʪʴ ʜʣʷ ʙʘʟʠ ʙʝʟ 

ʜʝʬʝʢʪʽʚ ʩʢʣʘʣʘ D = 1.83859, ʪʦʜʽ ʷʢ ʜʣʷ ʙʘʟʠ ʟ ʧʫʭʣʠʥʘʤʠ ʮʝʡ ʧʦʢʘʟʥʠʢ 

ʚʠʷʚʠʚʩʷ ʚʠʱʠʤ ʽ ʩʪʘʥʦʚʠʚ D = 1.87048. ʅʘ ʦʩʥʦʚʽ ʮʠʭ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ, 

ʘʣʛʦʨʠʪʤʦʤ ʙʫʣʦ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʝʥʦ ʦʧʪʠʤʘʣʴʥʠʡ ʨʦʟʜʽʣʴʥʠʡ ʢʨʠʪʝʨʽʡ 

(ʧʦʨʽʛ): D = 1.8545. ɿʛʽʜʥʦ ʟʽ ʩʬʦʨʤʦʚʘʥʠʤ ʧʨʘʚʠʣʦʤ, ʟʦʙʨʘʞʝʥʥʷ ʟʽ ʟʥʘʯʝʥʥʷʤ 

D < 1.8545 ʢʣʘʩʠʬʽʢʫʶʪʴʩʷ ʷʢ ʥʦʨʤʦʪʠʧʦʚʽ (ʟʜʦʨʦʚʽ), ʘ ʪʽ, ʜʝ D  > 1.8545 ð ʷʢ 

ʪʘʢʽ, ʱʦ ʤʽʩʪʷʪʴ ʜʝʬʝʢʪ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʤʝʪʦʜʫ ʟʘ ʚʩʪʘʥʦʚʣʝʥʠʤ ʢʨʠʪʝʨʽʻʤ 

ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʘ, ʱʦ ʟʘʛʘʣʴʥʘ ʪʦʯʥʽʩʪʴ ʘʣʛʦʨʠʪʤʫ ʩʢʣʘʣʘ 87.3%.  

ʆʪʨʠʤʘʥʘ ʩʫʪʪʻʚʘ ʨʽʟʥʠʮʷ ʫ ʟʥʘʯʝʥʥʷʭ (ʜʝ ʨʦʟʤʽʨʥʽʩʪʴ ʧʘʪʦʣʦʛʽʡ ʚʠʱʘ 

ʟʘ ʥʦʨʤʫ) ʤʘʻ ʯʽʪʢʝ ʤʝʜʠʢʦ-ʤʘʪʝʤʘʪʠʯʥʝ ʧʦʷʩʥʝʥʥʷ. 

ɿʣʦʷʢʽʩʥʽ ʥʦʚʦʫʪʚʦʨʝʥʥʷ ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ ʭʘʦʪʠʯʥʠʤ ʨʦʩʪʦʤ, 

ʽʥʚʘʟʠʚʥʠʤʠ ʪʘ "ʨʚʘʥʠʤʠ" ʢʨʘʷʤʠ. ɺʽʜʧʦʚʽʜʥʦ, ʾʭʥʽ ʢʦʥʪʫʨʠ ʬʦʨʤʫʶʪʴ ʟʥʘʯʥʦ 

ʩʢʣʘʜʥʽʰʫ ʬʨʘʢʪʘʣʴʥʫ ʩʪʨʫʢʪʫʨʫ ʧʦʨʽʚʥʷʥʦ ʟ ʚʽʜʥʦʩʥʦ ʛʣʘʜʢʠʤʠ ʤʝʞʘʤʠ 

ʟʜʦʨʦʚʠʭ ʪʢʘʥʠʥ. ɸʣʛʦʨʠʪʤ ʨʦʟʤʽʨʥʦʩʪʽ ɻʘʫʩʜʦʨʬʘ, ʘʥʘʣʽʟʫʶʯʠ ʩʢʣʘʜʥʽʩʪʴ 

ʮʠʭ ʤʝʞ ʯʝʨʝʟ ʟʤʽʥʫ ʤʘʩʰʪʘʙʫ ʧʦʢʨʠʚʘʶʯʠʭ ʬʽʛʫʨ, ʤʘʪʝʤʘʪʠʯʥʦ ʬʽʢʩʫʻ ʮʶ 

ʘʥʦʤʘʣʽʶ ʫ ʚʠʛʣʷʜʽ ʚʠʱʦʛʦ ʜʨʦʙʦʚʦʛʦ ʧʦʢʘʟʥʠʢʘ.  

ʅʘʪʦʤʽʩʪʴ, ʟʘʩʪʦʩʫʚʘʥʥʷ ʛʣʦʙʘʣʴʥʠʭ ʘʣʛʦʨʠʪʤʽʚ ʦʮʽʥʢʠ ʱʽʣʴʥʦʩʪʽ 

ʦʙ'ʻʢʪʘ (ʥʘʧʨʠʢʣʘʜ, ʤʝʪʦʜʫ çʤʘʩʘ-ʨʘʜʽʫʩè) ʜʝʤʦʥʩʪʨʫʻ ʥʠʞʯʫ ʝʬʝʢʪʠʚʥʽʩʪʴ 

ʜʣʷ ʜʘʥʦʛʦ ʢʣʘʩʫ ʟʘʜʘʯ (ʙʣʠʟʴʢʦ 67%). ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʪʠʤ, ʱʦ ʚʝʣʠʢʘ ʧʣʦʱʘ 

ʥʝʧʦʰʢʦʜʞʝʥʦʾ ʪʢʘʥʠʥʠ ʤʦʟʢʫ ʥʘ ʟʥʽʤʢʫ "ʤʘʩʢʫʻ" ʣʦʢʘʣʴʥʽ ʟʤʽʥʠ ʱʽʣʴʥʦʩʪʽ 
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ʧʫʭʣʠʥʠ ʧʨʠ ʚʽʜʜʘʣʝʥʥʽ ʚʽʜ ʾʾ ʮʝʥʪʨʫ. ʊʘʢʠʤ ʯʠʥʦʤ, ʧʦʨʽʚʥʷʥʥʷ ʝʤʧʽʨʠʯʥʠʭ 

ʜʘʥʠʭ ʧʽʜʪʚʝʨʜʞʫʻ ʜʦʮʽʣʴʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʬʨʘʢʪʘʣʴʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʷʢ 

ʜʽʘʛʥʦʩʪʠʯʥʦʛʦ ʽʥʩʪʨʫʤʝʥʪʫ.  

ɺʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʣʦʢʘʣʴʥʽ ʤʝʪʦʜʠ ʘʥʘʣʽʟʫ ʢʦʥʪʫʨʽʚ (ʪʘʢʽ ʷʢ ʨʦʟʤʽʨʥʽʩʪʴ 

ɻʘʫʩʜʦʨʬʘ ʪʘ ʧʽʜʨʘʭʫʥʦʢ ʢʚʘʜʨʘʪʽʚ) ʻ ʥʘʡʙʽʣʴʰ ʯʫʪʣʠʚʠʤʠ ʜʦ ʤʦʨʬʦʣʦʛʽʾ 

ʟʣʦʷʢʽʩʥʠʭ ʥʦʚʦʫʪʚʦʨʝʥʴ ʽ ʜʦʟʚʦʣʷʶʪʴ ʟ ʪʦʯʥʽʩʪʶ ʧʦʥʘʜ 87% ʘʚʪʦʤʘʪʠʯʥʦ 

ʨʦʟʨʽʟʥʷʪʠ ʥʦʨʤʫ ʪʘ ʧʘʪʦʣʦʛʽʶ ʥʘ ʄʈʊ-ʟʦʙʨʘʞʝʥʥʷʭ. 

ɺʠʩʥʦʚʢʠ 

ʊʝʦʨʽʷ ʬʨʘʢʪʘʣʽʚ ʚʽʜʢʨʠʚʘʻ ʚʝʣʠʢʽ ʤʦʞʣʠʚʦʩʪʽ ʫ ʜʦʩʣʽʜʞʝʥʥʷʭ, 

ʟʦʢʨʝʤʘ ʚ ʘʥʘʣʽʟʽ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ. ʆʩʢʽʣʴʢʠ ʙʽʣʴʰʽʩʪʴ ʘʥʘʪʦʤʽʯʥʠʭ 

ʩʪʨʫʢʪʫʨ ʤʘʶʪʴ ʩʢʣʘʜʥʽ, ʥʝʨʝʛʫʣʷʨʥʽ ʬʦʨʤʠ, ʬʨʘʢʪʘʣʴʥʠʡ ʧʽʜʭʽʜ ʝʬʝʢʪʠʚʥʦ 

ʚʠʷʚʣʷʻ ʧʨʠʭʦʚʘʥʽ ʧʘʪʦʣʦʛʽʾ ʥʘ ʄʈʊ-ʟʥʽʤʢʘʭ, ʷʢʽʩʥʦ ʜʦʧʦʚʥʶʶʯʠ ʢʣʘʩʠʯʥʫ 

ʜʽʘʛʥʦʩʪʠʢʫ. ʌʫʥʜʘʤʝʥʪʘʣʴʥʽ ʧʨʠʥʮʠʧʠ ʬʨʘʢʪʘʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʻ 

ʫʥʽʚʝʨʩʘʣʴʥʠʤʠ ʜʣʷ ʙʫʜʴ-ʷʢʠʭ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ, ʧʨʦʪʝ ʢʽʥʮʝʚʽ ʯʠʩʣʦʚʽ 

ʟʥʘʯʝʥʥʷ ʟʘʚʞʜʠ ʚʠʟʥʘʯʘʶʪʴʩʷ ʩʧʝʮʠʬʽʢʦʶ ʪʘ ʩʪʫʨʢʪʫʨʥʠʤʠ ʦʩʦʙʣʠʚʦʩʪʷʤʠ 

ʜʦʩʣʽʜʞʫʚʘʥʦʛʦ ʦʙ'ʻʢʪʘ. ʊʘʢʠʤ ʯʠʥʦʤ, ʬʨʘʢʪʘʣʠ ï ʮʝ ʥʝ ʧʨʦʩʪʦ ʤʘʪʝʤʘʪʠʯʥʘ 

ʘʙʩʪʨʘʢʮʽʷ, ʘ ʧʨʘʢʪʠʯʥʠʡ ʽʥʩʪʨʫʤʝʥʪ, ʱʦ ʨʦʙʠʪʴ ʨʦʟʨʦʙʢʫ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ 

ʧʨʦʛʨʘʤ ʜʣʷ ʾʭ ʘʥʘʣʽʟʫ ʥʘʜʟʚʠʯʘʡʥʦ ʘʢʪʫʘʣʴʥʠʤ ʟʘʚʜʘʥʥʷʤ ʩʫʯʘʩʥʦʾ 

ʤʝʜʠʮʠʥʠ. 
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ʆɹ'ɭʂʊɯɺ ɯɿ ʋʈɸʍʋɺɸʅʅʗʄ ʆʂʃʖɿɯʁ 

ʂʫʨʪʷʥ ʅʘʜʽʷ ɸʫʨʝʣʽʚʥʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 
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ɺʩʪʫʧ  

ʄʘʩʦʚʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʙʝʟʧʽʣʦʪʥʠʭ ʣʽʪʘʣʴʥʠʭ ʘʧʘʨʘʪʽʚ (ɹʇʃɸ) ʚʠʤʘʛʘʻ 

ʩʪʚʦʨʝʥʥʷ ʙʝʟʧʝʨʝʙʽʡʥʠʭ ʩʠʩʪʝʤ ʦʧʪʠʯʥʦʛʦ ʢʦʥʪʨʦʣʶ. ɺʽʜʦʤʽ ʽʥʜʫʩʪʨʽʘʣʴʥʽ 

ʘʣʛʦʨʠʪʤʠ ʪʨʝʢʽʥʛʫ (SORT, DeepSORT) ʜʦʙʨʝ ʧʨʘʮʶʶʪʴ ʥʘ ʚʽʜʢʨʠʪʽʡ 

ʤʽʩʮʝʚʦʩʪʽ. ʇʨʦʪʝ ʚ ʫʤʦʚʘʭ ʤʽʩʴʢʦʾ ʟʘʙʫʜʦʚʠ ʯʠ ʩʢʣʘʜʥʦʛʦ ʨʝʣʴʻʬʫ ʧʦʩʪʽʡʥʦ 

ʚʠʥʠʢʘʶʪʴ ʦʢʣʶʟʽʾ ð ʧʝʨʝʢʨʠʪʪʷ ʦʙ'ʻʢʪʘ ʩʪʘʪʠʯʥʠʤʠ ʧʝʨʝʰʢʦʜʘʤʠ. ʆʩʢʽʣʴʢʠ 

ʙʽʣʴʰʽʩʪʴ ʽʩʥʫʶʯʠʭ ʪʨʝʢʝʨʽʚ ʩʧʠʨʘʻʪʴʩʷ ʥʘ ʤʘʨʢʦʚʩʴʢʫ ʣʦʛʽʢʫ ʟ ʞʦʨʩʪʢʦʶ 

ʧʨʠʚ'ʷʟʢʦʶ ʜʘʥʠʭ ʥʘ ʢʦʞʥʦʤʫ ʢʘʜʨʽ, ʚʦʥʠ ʥʘʢʦʧʠʯʫʶʪʴ ʤʘʪʝʤʘʪʠʯʥʫ ʧʦʭʠʙʢʫ 

ʽ ʰʚʠʜʢʦ ʛʫʙʣʷʪʴ ʮʽʣʴ ʧʽʜ ʯʘʩ çʩʣʽʧʠʭ ʟʦʥè. 

ɼʣʷ ʢʦʨʝʢʪʥʦʾ ʘʩʦʮʽʘʮʽʾ ʜʘʥʠʭ ʫ ʤʦʤʝʥʪʠ ʚʪʨʘʪʠ ʚʠʜʠʤʦʩʪʽ ʚ ʨʦʙʦʪʽ 

ʟʘʩʪʦʩʦʚʘʥʦ ʤʝʪʦʜ ʤʥʦʞʠʥʥʠʭ ʛʽʧʦʪʝʟ (MHT). ʁʦʛʦ ʢʣʶʯʦʚʘ ʧʝʨʝʚʘʛʘ ð 

ʚʽʜʢʣʘʜʝʥʝ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ɿʘʤʽʩʪʴ ʧʝʨʝʜʯʘʩʥʦʾ ʬʽʢʩʘʮʽʾ ʢʦʦʨʜʠʥʘʪ 

ʘʣʛʦʨʠʪʤ ʬʦʨʤʫʻ ʨʦʟʛʘʣʫʞʝʥʝ ʜʝʨʝʚʦ ʡʤʦʚʽʨʥʠʭ ʩʮʝʥʘʨʽʾʚ ʨʫʭʫ ʘʧʘʨʘʪʘ ʚ ʪʽʥʽ 

ʧʝʨʝʰʢʦʜʠ. 

ʑʦʙ ʫʥʠʢʥʫʪʠ ʧʝʨʝʚʘʥʪʘʞʝʥʥʷ ʧʨʦʮʝʩʦʨʘ ʧʽʜ ʯʘʩ ʨʦʟʨʘʭʫʥʢʫ ʜʝʩʷʪʢʽʚ 

ʛʽʧʦʪʝʟ, ʨʝʩʫʨʩʦʤʽʩʪʢʠʡ ʘʧʘʨʘʪ ʂʘʣʤʘʥʘ ʙʫʣʦ ʟʘʤʽʥʝʥʦ ʥʘ ʰʚʠʜʢʝ ʘʜʘʧʪʠʚʥʝ 

ʝʢʩʧʦʥʝʥʮʽʡʥʝ ʟʛʣʘʜʞʫʚʘʥʥʷ. ɺʝʢʪʦʨ ʰʚʠʜʢʦʩʪʽ ὺ ʜʣʷ ʢʦʞʥʦʾ ʛʽʣʢʠ ʜʝʨʝʚʘ 

ʧʝʨʝʨʘʭʦʚʫʻʪʴʩʷ ʨʝʢʫʨʩʠʚʥʦ: 

(1) ὺ ‌ὴ ὴ ρ ‌ὺ  

ʂʦʝʬʽʮʽʻʥʪ ‌ ʻ ʜʠʥʘʤʽʯʥʠʤ. ʇʽʜ ʯʘʩ ʬʽʢʩʘʮʽʾ ʦʢʣʶʟʽʾ ʚʽʥ ʘʚʪʦʤʘʪʠʯʥʦ 

ʟʤʝʥʰʫʻʪʴʩʷ, ʟʤʫʰʫʶʯʠ ʩʠʩʪʝʤʫ ʽʛʥʦʨʫʚʘʪʠ ʰʫʤʠ ʣʦʢʘʣʽʟʘʮʽʾ ʪʘ ʩʧʠʨʘʪʠʩʷ 

ʚʠʢʣʶʯʥʦ ʥʘ ʽʥʝʨʮʽʡʥʫ ʩʢʣʘʜʦʚʫ ὺ . 

ɺʽʜʥʦʚʣʝʥʥʷ ʚʽʟʫʘʣʴʥʦʛʦ ʩʫʧʨʦʚʦʜʫ ʙʝʟʧʽʣʦʪʥʠʢʘ ʧʽʩʣʷ ʡʦʛʦ 

ʧʨʦʭʦʜʞʝʥʥʷ ʟʘ ʦʙ'ʻʢʪʘʤʠ ʩʮʝʥʠ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʫʣʴʪʠʤʦʜʘʣʴʥʦʾ 

ʩʠʩʪʝʤʠ ʪʝʭʥʽʯʥʦʛʦ ʟʦʨʫ. ʇʨʦʮʝʩ ʧʦʰʫʢʫ ʟʙʽʛʽʚ ʟ ʝʪʘʣʦʥʦʤ ʩʧʠʨʘʻʪʴʩʷ ʥʘ 

ʤʝʪʦʜ ʥʦʨʤʘʣʽʟʦʚʘʥʦʾ ʚʟʘʻʤʥʦʾ ʢʦʨʝʣʷʮʽʾ (NCC). ʎʽ ʦʙʯʠʩʣʝʥʥʷ ʚʠʢʦʥʫʶʪʴʩʷ 

ʦʜʥʦʯʘʩʥʦ ʫ ʜʚʦʭ ʧʘʨʘʣʝʣʴʥʠʭ ʧʦʪʦʢʘʭ: ʜʣʷ ʟʦʙʨʘʞʝʥʥʷ ʚ ʛʨʘʜʘʮʽʷʭ ʩʽʨʦʛʦ ʪʘ 

ʜʣʷ ʤʝʨʝʞʽ ʤʝʞ, ʚʠʷʚʣʝʥʠʭ ʢʨʘʡʦʚʠʤ ʜʝʪʝʢʪʦʨʦʤ ʂʝʥʥʽ. 
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ʂʣʶʯʦʚʦʶ ʧʝʨʝʚʘʛʦʶ ʨʦʟʨʦʙʣʝʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʻ ʚʧʨʦʚʘʜʞʝʥʥʷ 

ʩʧʝʮʽʘʣʴʥʦʛʦ ʧʨʦʛʨʘʤʥʦʛʦ ʟʘʧʦʙʽʞʥʠʢʘ. ʁʦʛʦ ʦʩʥʦʚʥʝ ʟʘʚʜʘʥʥʷ ï ʘʚʪʦʤʘʪʠʯʥʦ 

ʧʨʠʟʫʧʠʥʷʪʠ ʧʨʦʮʝʩ ʦʥʦʚʣʝʥʥʷ ʙʘʟʦʚʦʛʦ ʚʽʟʫʘʣʴʥʦʛʦ ʰʘʙʣʦʥʫ ʚ ʤʦʤʝʥʪʠ 

ʦʢʣʶʟʽʾ (ʧʝʨʝʢʨʠʪʪʷ ʮʽʣʽ). ʊʘʢʠʡ ʧʽʜʭʽʜ ʥʘʜʽʡʥʦ ʟʘʭʠʱʘʻ ʧʝʨʚʠʥʥʠʡ 

ʤʘʪʝʤʘʪʠʯʥʠʡ ʦʧʠʩ ʣʽʪʘʣʴʥʦʛʦ ʘʧʘʨʘʪʘ ʚʽʜ ʽʥʪʝʛʨʘʮʽʾ ʩʪʦʨʦʥʥʴʦʛʦ ʚʽʟʫʘʣʴʥʦʛʦ 

ʰʫʤʫ, ʫʥʝʤʦʞʣʠʚʣʶʶʯʠ ʩʧʦʪʚʦʨʝʥʥʷ ʜʝʩʢʨʠʧʪʦʨʘ ʧʽʢʩʝʣʷʤʠ ʬʦʥʫ ï 

ʥʘʧʨʠʢʣʘʜ, ʜʝʪʘʣʷʤʠ ʢʨʦʥ ʜʝʨʝʚ ʯʠ ʽʥʰʠʤʠ ʝʣʝʤʝʥʪʘʤʠ ʣʘʥʜʰʘʬʪʫ. 

ʂʣʘʩʠʯʥʠʡ ʘʣʛʦʨʠʪʤ MHT ʩʪʨʘʞʜʘʻ ʚʽʜ ʝʢʩʧʦʥʝʥʮʽʡʥʦʛʦ ʨʦʟʨʦʩʪʘʥʥʷ 

ʛʨʘʬʘ. ʊʦʤʫ ʢʦʤʧʣʝʢʩ ʜʦʧʦʚʥʝʥʦ ʞʦʨʩʪʢʠʤ ʚʽʜʩʽʢʘʥʥʷʤ ʤʘʣʦʡʤʦʚʽʨʥʠʭ 

ʪʨʘʻʢʪʦʨʽʡ (Pruning) ʪʘ ʩʭʨʝʱʫʚʘʥʥʷʤ ʢʽʥʝʤʘʪʠʯʥʦ ʧʦʜʽʙʥʠʭ ʩʮʝʥʘʨʽʾʚ 

(Merging). ʂʨʽʤ ʮʴʦʛʦ, ʨʦʟʨʦʙʣʝʥʦ ʘʣʛʦʨʠʪʤ ʤʘʨʛʽʥʘʣʴʥʦʛʦ ʚʠʞʠʚʘʥʥʷ (çLast 

Stand Fallbackè). ʗʢʱʦ ʦʙ'ʻʢʪ ʜʦʚʛʦ ʚʽʜʩʫʪʥʽʡ ʫ ʢʘʜʨʽ ʽ ʨʝʡʪʠʥʛ ʫʩʽʭ ʘʢʪʠʚʥʠʭ 

ʛʽʧʦʪʝʟ ʧʘʜʘʻ ʥʠʞʯʝ ʢʨʠʪʠʯʥʦʛʦ ʤʽʥʽʤʫʤʫ, ʧʨʦʛʨʘʤʘ ʰʪʫʯʥʦ ʫʪʨʠʤʫʻ 

ʜʦʤʽʥʘʥʪʥʠʡ ʩʝʢʪʦʨ ʧʦʰʫʢʫ ʘʢʪʠʚʥʠʤ ʜʦ 90 ʢʘʜʨʽʚ ʧʦʩʧʽʣʴ. 

ɽʢʩʧʝʨʠʤʝʥʪʠ ʥʘ ʨʝʘʣʴʥʠʭ ʚʽʜʝʦʨʷʜʘʭ ʜʦʚʝʣʠ ʧʨʘʮʝʟʜʘʪʥʽʩʪʴ 

ʩʪʚʦʨʝʥʦʛʦ ʢʦʤʧʣʝʢʩʫ. ʉʠʩʪʝʤʘ ʘʜʝʢʚʘʪʥʦ ʧʨʦʛʥʦʟʫʻ ʨʫʭ ɹʇʃɸ ʟʘ ʤʘʩʠʚʥʠʤʠ 

ʦʙ'ʻʢʪʘʤʠ ʽ ʤʠʪʪʻʚʦ ʧʽʜʭʦʧʣʶʻ ʧʦʯʘʪʢʦʚʠʡ ʽʜʝʥʪʠʬʽʢʘʪʦʨ ʚʽʜʨʘʟʫ ʧʽʩʣʷ 

ʚʽʜʥʦʚʣʝʥʥʷ ʧʨʷʤʦʾ ʚʠʜʠʤʦʩʪʽ. 
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ʈʆɿʇɯɿʅɸɺɸʅʅʗ ɽʄʆʎɯʁ ʋ ɸʋɼɯʆɿɸʇʀʉɸʍ ɯɿ 

ɺʀʂʆʈʀʉʊɸʅʅʗʄ ʐʊʋʏʅʀʍ ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ 

ɸʥʘʩʪʘʩʽʷ ɹʘʨʘʥ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ, 

ʬʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

ANASTASIIA.BARAN@lnu.edu.ua 

ɺʩʪʫʧ 

ʈʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʫ ʤʦʚʣʝʥʥʽ (Speech Emotion Recognition, SER) ʻ 

ʦʜʥʠʤ ʽʟ ʧʝʨʩʧʝʢʪʠʚʥʠʭ ʥʘʧʨʷʤʽʚ ʩʫʯʘʩʥʦʾ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ, ʮʠʬʨʦʚʦʾ 

ʦʙʨʦʙʢʠ ʩʠʛʥʘʣʽʚ ʪʘ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ. ʊʘʢʽ ʩʠʩʪʝʤʠ ʤʦʞʫʪʴ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʴ 

ʫ ʛʦʣʦʩʦʚʠʭ ʘʩʠʩʪʝʥʪʘʭ, ʤʝʜʠʯʥʠʭ ʽ ʧʩʠʭʦʣʦʛʽʯʥʠʭ ʜʦʩʣʽʜʞʝʥʥʷʭ, ʩʠʩʪʝʤʘʭ 

ʙʝʟʧʝʢʠ, ʩʣʫʞʙʘʭ ʧʽʜʪʨʠʤʢʠ ʢʦʨʠʩʪʫʚʘʯʽʚ ʪʘ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʦʩʚʽʪʥʽʭ 

ʧʣʘʪʬʦʨʤʘʭ. 

ʆʩʥʦʚʥʦʶ ʧʨʦʙʣʝʤʦʶ ʟʘʜʘʯʽ SER ʻ ʩʢʣʘʜʥʽʩʪʴ ʬʦʨʤʘʣʽʟʘʮʽʾ 

ʝʤʦʮʽʡʥʦʛʦ ʩʪʘʥʫ ʣʶʜʠʥʠ. ʅʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʤʦʚʣʝʥʥʷ ʚʧʣʠʚʘʶʪʴ 

ʦʩʦʙʣʠʚʦʩʪʽ ʤʦʚʮʷ, ʷʢʽʩʪʴ ʟʘʧʠʩʫ, ʰʫʤʦʚʽ ʟʘʚʘʜʠ ʪʘ ʢʦʥʪʝʢʩʪ ʚʠʩʣʦʚʣʶʚʘʥʥʷ. 

ɺʠʥʠʢʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʦʜʝʣʝʡ, ʟʜʘʪʥʠʭ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʷʚʣʷʪʠ 

ʩʢʣʘʜʥʽ ʥʝʣʽʥʽʡʥʽ ʟʘʣʝʞʥʦʩʪʽ ʫ ʤʦʚʣʝʥʥʻʚʠʭ ʩʠʛʥʘʣʘʭ. 

ʋ ʩʫʯʘʩʥʠʭ ʜʦʩʣʽʜʞʝʥʥʷʭ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʘʢʪʠʚʥʦ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʰʪʫʯʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ, ʟʦʢʨʝʤʘ ʟʛʦʨʪʢʦʚʽ (CNN) ʪʘ 

ʨʝʢʫʨʝʥʪʥʽ (LSTM) ʘʨʭʽʪʝʢʪʫʨʠ. ɺʦʥʠ ʜʦʟʚʦʣʷʶʪʴ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʜʽʣʷʪʠ 

ʽʥʬʦʨʤʘʪʠʚʥʽ ʦʟʥʘʢʠ ʪʘ ʘʥʘʣʽʟʫʚʘʪʠ ʯʘʩʦʚʫ ʩʪʨʫʢʪʫʨʫ ʤʦʚʣʝʥʥʷ. 

ʈʠʩ. 1 ï ʏʘʩʦʚʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʘʫʜʽʦʩʠʛʥʘʣʫ 
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ʅʘ ʨʠʩʫʥʢʫ ʧʨʝʜʩʪʘʚʣʝʥʦ ʯʘʩʦʚʫ ʬʦʨʤʫ ʤʦʚʣʝʥʥʻʚʦʛʦ ʩʠʛʥʘʣʫ 

(waveform), ʷʢʘ ʚʽʜʦʙʨʘʞʘʻ ʟʤʽʥʫ ʘʤʧʣʽʪʫʜʠ ʟʚʫʢʫ ʟʘʣʝʞʥʦ ʚʽʜ ʯʘʩʫ. ɺʠʜʥʦ 

ʥʘʷʚʥʽʩʪʴ ʧʽʢʽʚ ʝʥʝʨʛʽʾ, ʱʦ ʚʽʜʧʦʚʽʜʘʶʪʴ ʥʘʡʙʽʣʴʰ ʝʤʦʮʽʡʥʦ ʚʠʨʘʞʝʥʠʤ 

ʜʽʣʷʥʢʘʤ ʤʦʚʣʝʥʥʷ. ɼʣʷ neutral ʘʙʦ sad ʩʠʛʥʘʣ ʟʘʟʚʠʯʘʡ ʻ ʙʽʣʴʰ ʟʛʣʘʜʞʝʥʠʤ ʪʘ 

ʤʝʥʰ ʽʥʪʝʥʩʠʚʥʠʤ. Waveform ʜʦʟʚʦʣʷʻ ʦʮʽʥʠʪʠ ʯʘʩʦʚʫ ʩʪʨʫʢʪʫʨʫ ʤʦʚʣʝʥʥʷ, 

ʦʜʥʘʢ ʥʝ ʤʽʩʪʠʪʴ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʯʘʩʪʦʪʥʠʡ ʩʢʣʘʜ ʩʠʛʥʘʣʫ, ʪʦʤʫ ʜʣʷ 

ʧʦʜʘʣʴʰʦʛʦ ʘʥʘʣʽʟʫ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʩʧʝʢʪʨʘʣʴʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ. 

ʄʘʪʝʤʘʪʠʯʥʽ ʦʩʥʦʚʠ ʘʥʘʣʽʟʫ ʤʦʚʣʝʥʥʷ 

ʄʦʚʣʝʥʥʻʚʠʡ ʩʠʛʥʘʣ ʻ ʥʝʧʝʨʝʨʚʥʠʤ ʫ ʯʘʩʽ ʧʨʦʮʝʩʦʤ ʪʘ ʦʧʠʩʫʻʪʴʩʷ 

ʬʫʥʢʮʽʻʶ: 

x(t), t ɴ  R       (1) 

ɼʣʷ ʮʠʬʨʦʚʦʾ ʦʙʨʦʙʢʠ ʩʠʛʥʘʣ ʜʠʩʢʨʝʪʠʟʫʻʪʴʩʷ: 

ὼὲ ὼὲὝ         (2) 

¶ Ts  - ʧʝʨʽʦʜ ʜʠʩʢʨʝʪʠʟʘʮʽʾ; 

¶ fs =1/Ts  - ʯʘʩʪʦʪʘ ʜʠʩʢʨʝʪʠʟʘʮʽʾ. 

ʆʩʢʽʣʴʢʠ ʤʦʚʣʝʥʥʷ ʻ ʥʝʩʪʘʮʽʦʥʘʨʥʠʤ ʩʠʛʥʘʣʦʤ, ʡʦʛʦ ʘʥʘʣʽʟ 

ʚʠʢʦʥʫʻʪʴʩʷ ʥʘ ʢʦʨʦʪʢʠʭ ʯʘʩʦʚʠʭ ʽʥʪʝʨʚʘʣʘʭ. ɼʣʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʢʦʨʦʪʢʦʯʘʩʥʝ ʧʝʨʝʪʚʦʨʝʥʥʷ ʌʫʨôʻ (STFT): 

ὛὝὊὝάȟ‫ В ὼὲύὲ άὩ     (3) 

¶ w[n] - ʚʽʢʦʥʥʘ ʬʫʥʢʮʽʷ; 

¶ m - ʧʦʟʠʮʽʷ ʬʨʝʡʤʫ; 

¶ ɤ - ʢʨʫʛʦʚʘ ʯʘʩʪʦʪʘ. 

ʆʪʨʠʤʘʥʝ ʯʘʩʦʚʦ-ʯʘʩʪʦʪʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʦʙʫʜʦʚʠ 

Mel-ʩʧʝʢʪʨʦʛʨʘʤʠ, ʷʢʘ ʚʨʘʭʦʚʫʻ ʦʩʦʙʣʠʚʦʩʪʽ ʣʶʜʩʴʢʦʛʦ ʩʣʫʭʦʚʦʛʦ 

ʩʧʨʠʡʥʷʪʪʷ. 

ʇʝʨʝʭʽʜ ʜʦ Mel-ʰʢʘʣʠ ʚʠʢʦʥʫʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

ά ςυωυὰέὫρ      (4) 

¶ f - ʯʘʩʪʦʪʘ ʫ ʛʝʨʮʘʭ; 

¶ m - ʯʘʩʪʦʪʘ ʫ Mel-ʰʢʘʣʽ. 

ɼʣʷ ʥʘʚʯʘʥʥʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʬʫʥʢʮʽʷ ʚʪʨʘʪ ʢʨʦʩ-

ʝʥʪʨʦʧʽʾ: 
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ὒ В ώὰέὫώȕ      (5) 

¶ ώ - ʽʩʪʠʥʥʘ ʤʽʪʢʘ ʢʣʘʩʫ; 

¶ ώȕ - ʧʨʦʛʥʦʟʦʚʘʥʘ ʡʤʦʚʽʨʥʽʩʪʴ; 

¶ K - ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ ʝʤʦʮʽʡ. 

 
ʈʠʩ. 2 - Mel-ʩʧʝʢʪʨʦʛʨʘʤʘ ʤʦʚʣʝʥʥʻʚʦʛʦ ʩʠʛʥʘʣʫ 

ʅʘ ʨʠʩʫʥʢʫ ʧʨʝʜʩʪʘʚʣʝʥʦ Mel-ʩʧʝʢʪʨʦʛʨʘʤʫ ʤʦʚʣʝʥʥʻʚʦʛʦ ʩʠʛʥʘʣʫ 

ʝʤʦʮʽʾ angry ʽʟ ʜʘʪʘʩʝʪʫ RAVDESS. ɯʥʪʝʥʩʠʚʥʽʩʪʴ ʢʦʣʴʦʨʫ ʚʽʜʧʦʚʽʜʘʻ ʨʽʚʥʶ 

ʝʥʝʨʛʽʾ ʩʠʛʥʘʣʫ. ɼʣʷ ʝʤʦʮʽʾ angry ʭʘʨʘʢʪʝʨʥʘ ʚʠʩʦʢʘ ʝʥʝʨʛʽʷ ʪʘ ʰʠʨʦʢʠʡ 

ʩʧʝʢʪʨʘʣʴʥʠʡ ʜʽʘʧʘʟʦʥ. ʅʘ ʩʧʝʢʪʨʦʛʨʘʤʽ ʤʦʞʥʘ ʩʧʦʩʪʝʨʽʛʘʪʠ ʜʽʣʷʥʢʠ 

ʧʽʜʚʠʱʝʥʦʾ ʝʥʝʨʛʽʾ, ʱʦ ʚʽʜʧʦʚʽʜʘʶʪʴ ʝʤʦʮʽʡʥʦ ʚʠʨʘʞʝʥʠʤ ʬʨʘʛʤʝʥʪʘʤ 
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ʤʦʚʣʝʥʥʷ. ɼʣʷ ʝʤʦʮʽʡ ʽʟ ʚʠʩʦʢʠʤ ʨʽʚʥʝʤ ʘʢʪʠʚʘʮʽʾ ʭʘʨʘʢʪʝʨʥʠʡ ʰʠʨʰʠʡ 

ʩʧʝʢʪʨʘʣʴʥʠʡ ʜʽʘʧʘʟʦʥ ʪʘ ʚʠʱʘ ʽʥʪʝʥʩʠʚʥʽʩʪʴ ʚʠʩʦʢʦʯʘʩʪʦʪʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ. 

Mel-ʩʧʝʢʪʨʦʛʨʘʤʘ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʚʭʽʜ ʜʦ ʟʛʦʨʪʢʦʚʦʾ ʥʝʡʨʦʥʥʦʾ 

ʤʝʨʝʞʽ CNN ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʜʽʣʝʥʥʷ ʩʧʝʢʪʨʘʣʴʥʠʭ ʦʟʥʘʢ ʤʦʚʣʝʥʥʷ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʤʦʜʝʣʽ 

ʋ ʨʦʙʦʪʽ ʚʠʢʦʨʠʩʪʘʥʦ ʛʽʙʨʠʜʥʫ ʤʦʜʝʣʴ CNN + LSTM ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʝʤʦʮʽʡ ʤʦʚʣʝʥʥʷ. 

ɿʘʛʘʣʴʥʘ ʩʭʝʤʘ ʨʦʙʦʪʠ ʤʦʜʝʣʽ: ɸʫʜʽʦʩʠʛʥʘʣ Ÿ ʇʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ Ÿ 

Mel-ʩʧʝʢʪʨʦʛʨʘʤʘ Ÿ CNN Ÿ LSTM Ÿ Fully Connected Ÿ Softmax Ÿ ʂʣʘʩ 

ʝʤʦʮʽʾ 

ʇʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ ʚʢʣʶʯʘʻ: ʥʦʨʤʘʣʽʟʘʮʽʶ ʩʠʛʥʘʣʫ, ʬʨʝʡʤʫʚʘʥʥʷ, 

ʟʘʩʪʦʩʫʚʘʥʥʷ ʚʽʢʥʘ ʍʝʤʤʽʥʛʘ, ʧʦʙʫʜʦʚʫ Mel-ʩʧʝʢʪʨʦʛʨʘʤʠ. 

ɿʛʦʨʪʢʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ (CNN) ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ 

ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʜʽʣʝʥʥʷ ʣʦʢʘʣʴʥʠʭ ʩʧʝʢʪʨʘʣʴʥʠʭ ʦʟʥʘʢ ʤʦʚʣʝʥʥʷ. ʆʧʝʨʘʮʽʷ 

ʟʛʦʨʪʢʠ ʦʧʠʩʫʻʪʴʩʷ: 

S(i,j)=(I Kz)(i,j)        (6) 

¶ I - ʚʭʽʜʥʘ ʤʘʪʨʠʮʷ ʦʟʥʘʢ; 

¶ K - ʷʜʨʦ ʟʛʦʨʪʢʠ. 

ʈʝʢʫʨʝʥʪʥʘ ʤʝʨʝʞʘ LSTM ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʘʥʘʣʽʟʫ ʯʘʩʦʚʦʾ 

ʜʠʥʘʤʽʢʠ ʩʠʛʥʘʣʫ ʪʘ ʚʨʘʭʫʚʘʥʥʷ ʜʦʚʛʦʩʪʨʦʢʦʚʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʫ ʤʦʚʣʝʥʥʽ. 

ʇʨʠʭʦʚʘʥʠʡ ʩʪʘʥ ʦʥʦʚʣʶʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

Ὤ Ὢὡὼ ὟὬ ὦ     (7) 

¶ x_t  - ʚʭʽʜ ʥʘ ʯʘʩʦʚʦʤʫ ʢʨʦʮʽ tt; 

¶ h_t-1  - ʧʦʧʝʨʝʜʥʽʡ ʧʨʠʭʦʚʘʥʠʡ ʩʪʘʥ; 

¶ W,U,b - ʧʘʨʘʤʝʪʨʠ ʤʝʨʝʞʽ. 

ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʧʘʨʘʤʝʪʨʽʚ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʘʣʛʦʨʠʪʤ Adam, ʷʢʠʡ ʟʘʙʝʟʧʝʯʫʻ 

ʩʪʘʙʽʣʴʥʝ ʪʘ ʰʚʠʜʢʝ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʝ ʜʦʩʣʽʜʞʝʥʥʷ 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʚʠʢʦʨʠʩʪʘʥʦ ʜʘʪʘʩʝʪ RAVDESS 

(Ryerson Audio-Visual Database of Emotional Speech and Song), ʷʢʠʡ ʤʽʩʪʠʪʴ 

ʘʫʜʽʦʟʘʧʠʩʠ ʨʽʟʥʠʭ ʝʤʦʮʽʡʥʠʭ ʩʪʘʥʽʚ. ʋ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʫʚʘʣʠʩʷ ʪʘʢʽ ʢʣʘʩʠ 

ʝʤʦʮʽʡ: happy, sad, angry, neutral, fear, disgust. ʂʦʞʝʥ ʘʫʜʽʦʩʠʛʥʘʣ ʙʫʣʦ 
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ʧʝʨʝʪʚʦʨʝʥʦ ʫ ʣʦʛʘʨʠʬʤʽʯʥʫ Mel-ʩʧʝʢʪʨʦʛʨʘʤʫ, ʷʢʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʴ ʷʢ ʚʭʽʜ 

ʜʦ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ. 

ʇʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʴ ʪʘʢʽ ʧʘʨʘʤʝʪʨʠ: batch size = 32, learning 

rate = 0.001, optimizer = Adam, epochs = 30. 

ɼʣʷ ʦʮʽʥʶʚʘʥʥʷ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʴ ʤʝʪʨʠʢʠ: Accuracy, 

Precision, Recall, F1-score. 

ʊʘʙʣ. 1 - ʈʝʟʫʣʴʪʘʪʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʤʦʜʝʣʝʡ 

ʄʦʜʝʣʴ 
Accurac

y 
Precision Recall F1-score 

CNN 0.78 0.77 0.76 0.76 

LSTM 0.80 0.79 0.79 0.79 

CNN+LSTM 0.85 0.84 0.84 0.84 

CNN+LSTM+Attention 0.86 0.85 0.85 0.85 

 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʫʶʪʴ, ʱʦ ʛʽʙʨʠʜʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʱʫ 

ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʧʦʨʽʚʥʷʥʦ ʟ ʦʢʨʝʤʠʤʠ ʤʦʜʝʣʷʤʠ CNN ʘʙʦ LSTM. 

ʅʘʡʢʨʘʱʝ ʤʦʜʝʣʴ ʨʦʟʧʽʟʥʘʻ ʝʤʦʮʽʾ angry ʪʘ disgust, ʦʩʢʽʣʴʢʠ ʚʦʥʠ 

ʤʘʶʪʴ ʷʩʢʨʘʚʦ ʚʠʨʘʞʝʥʽ ʩʧʝʢʪʨʘʣʴʥʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʪʘ ʚʠʩʦʢʫ ʝʥʝʨʛʽʶ 

ʩʠʛʥʘʣʫ. ʅʘʡʥʠʞʯʽ ʧʦʢʘʟʥʠʢʠ ʩʧʦʩʪʝʨʽʛʘʶʪʴʩʷ ʜʣʷ ʢʣʘʩʫ neutral ʯʝʨʝʟ ʩʣʘʙʢʫ 

ʚʠʨʘʞʝʥʽʩʪʴ ʝʤʦʮʽʡʥʠʭ ʦʟʥʘʢ.  

ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʧʦʢʘʟʘʣʘ, ʱʦ ʤʦʜʝʣʴ ʽʥʢʦʣʠ ʧʣʫʪʘʻ: sad ʪʘ neutral; 

fear ʪʘ angry. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʩʭʦʞʽʩʪʶ ʩʧʝʢʪʨʘʣʴʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʪʘ 

ʽʥʪʦʥʘʮʽʡʥʦʾ ʩʪʨʫʢʪʫʨʠ ʚʽʜʧʦʚʽʜʥʠʭ ʝʤʦʮʽʡ. 

ʅʘ ʨʠʩʫʥʢʫ 4 ʧʨʝʜʩʪʘʚʣʝʥʦ ʤʘʪʨʠʮʶ ʧʦʤʠʣʦʢ (Confusion Matrix), ʷʢʘ 

ʚʽʜʦʙʨʘʞʘʻ ʨʝʟʫʣʴʪʘʪʠ ʢʣʘʩʠʬʽʢʘʮʽʾ ʝʤʦʮʽʡ ʤʦʜʝʣʣʶ. ʇʦ ʚʝʨʪʠʢʘʣʴʥʽʡ ʦʩʽ 

ʥʘʚʝʜʝʥʦ ʽʩʪʠʥʥʽ ʢʣʘʩʠ ʝʤʦʮʽʡ, ʘ ʧʦ ʛʦʨʠʟʦʥʪʘʣʴʥʽʡ - ʢʣʘʩʠ, ʧʝʨʝʜʙʘʯʝʥʽ 

ʤʦʜʝʣʣʶ. ʅʘʡʙʽʣʴʰʽ ʟʥʘʯʝʥʥʷ ʥʘ ʛʦʣʦʚʥʽʡ ʜʽʘʛʦʥʘʣʽ ʚʽʜʧʦʚʽʜʘʶʪʴ ʧʨʘʚʠʣʴʥʦ 

ʢʣʘʩʠʬʽʢʦʚʘʥʠʤ ʧʨʠʢʣʘʜʘʤ. 

ɸʥʘʣʽʟ ʤʘʪʨʠʮʽ ʧʦʢʘʟʫʻ, ʱʦ ʤʦʜʝʣʴ ʥʘʡʢʨʘʱʝ ʨʦʟʧʽʟʥʘʻ ʝʤʦʮʽʾ angry 

ʪʘ disgust, ʦʩʢʽʣʴʢʠ ʚʦʥʠ ʤʘʶʪʴ ʚʠʨʘʞʝʥʽ ʘʢʫʩʪʠʯʥʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʪʘ ʚʠʩʦʢʫ 

ʝʥʝʨʛʽʶ ʩʠʛʥʘʣʫ. ʅʘʡʙʽʣʴʰʘ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʤʽʞ ʢʣʘʩʘʤʠ 

sad ʪʘ neutral, ʱʦ ʧʦʷʩʥʶʻʪʴʩʷ ʧʦʜʽʙʥʽʩʪʶ ʾʭ ʽʥʪʦʥʘʮʽʡʥʦʾ ʩʪʨʫʢʪʫʨʠ ʪʘ 

ʩʧʝʢʪʨʘʣʴʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʛʽʙʨʠʜʥʦʾ ʤʦʜʝʣʽ CNN + LSTM ʜʣʷ ʟʘʜʘʯʽ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʤʦʚʣʝʥʥʷ. 
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ʈʠʩ. 4 - ʄʘʪʨʠʮʷ ʧʦʤʠʣʦʢ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʝʥʦ ʟʘʜʘʯʫ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʝʤʦʮʽʡ ʫ 

ʤʦʚʣʝʥʥʽ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʰʪʫʯʥʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ʈʦʟʛʣʷʥʫʪʦ 

ʤʘʪʝʤʘʪʠʯʥʽ ʦʩʥʦʚʠ ʮʠʬʨʦʚʦʾ ʦʙʨʦʙʢʠ ʤʦʚʣʝʥʥʷ, ʤʝʪʦʜʠ ʧʦʙʫʜʦʚʠ ʦʟʥʘʢ ʪʘ 

ʩʫʯʘʩʥʽ ʘʨʭʽʪʝʢʪʫʨʠ ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʧʽʜʪʚʝʨʜʠʣʠ ʝʬʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʛʽʙʨʠʜʥʦʾ ʤʦʜʝʣʽ CNN + LSTM ʜʣʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʝʤʦʮʽʡ. ʇʦʻʜʥʘʥʥʷ 

ʟʛʦʨʪʢʦʚʠʭ ʪʘ ʨʝʢʫʨʝʥʪʥʠʭ ʤʝʨʝʞ ʜʦʟʚʦʣʷʻ ʦʜʥʦʯʘʩʥʦ ʚʨʘʭʦʚʫʚʘʪʠ 

ʩʧʝʢʪʨʘʣʴʥʽ ʪʘ ʯʘʩʦʚʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʤʦʚʣʝʥʥʷ. ɼʦʜʘʪʢʦʚʝ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʤʝʭʘʥʽʟʤʫ ʫʚʘʛʠ (Attention) ʜʦʟʚʦʣʠʣʦ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ 

ʧʦʢʨʘʱʠʪʠ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ ʚʠʜʽʣʷʪʠ ʥʘʡʙʽʣʴʰ ʽʥʬʦʨʤʘʪʠʚʥʽ ʜʽʣʷʥʢʠ ʩʠʛʥʘʣʫ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʤʦʞʫʪʴ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʽ ʧʨʠ ʩʪʚʦʨʝʥʥʽ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʘʥʘʣʽʟʫ ʤʦʚʣʝʥʥʷ, ʛʦʣʦʩʦʚʠʭ ʘʩʠʩʪʝʥʪʽʚ ʪʘ ʩʠʩʪʝʤ 

ʝʤʦʮʽʡʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. RAVDESS: Ryerson Audio-Visual Database of Emotional Speech and Song 

https://zenodo.org/record/1188976 

2. Librosa: Audio and Music Signal Analysis in Python https://librosa.org 

3. PyTorch Documentation https://pytorch.org/docs/stable/index.html 

4. Mel-Frequency Cepstral Coefficients (MFCC) Explained 

https://librosa.org/doc/latest/feature.html#mfcc 

5. Speech Emotion Recognition using Deep Learning https://ela.kpi.ua/handle/123456789/38545  

https://zenodo.org/record/1188976
https://librosa.org/
https://pytorch.org/docs/stable/index.html
https://librosa.org/doc/latest/feature.html#mfcc
https://ela.kpi.ua/handle/123456789/38545
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ɼʆɹʈɽʆɹʋʄʆɺʃɽʅʀʁ ʄɽʊʆɼ ʌʋʅɼɸʄɽʅʊɸʃʔʅʀʍ ʈʆɿɺôʗɿʂɯɺ 

ɼʃʗ ʊʈʀɺʀʄɯʈʅʆɰ ɿɸɼɸʏɯ ɼɯʈɯʍʃE ɼʃʗ  

ʈɯɺʅʗʅʅʗ ʂʃɽʁʅɸ-ɻʆʈɼʆʅɸ 

ʈʠʮʘʨʴ ʆʣʴʛʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

 Olha.Rytsar@lnu.edu.com 

ʈʦʟʛʣʷʜʘʻʪʴʩʷ ʯʠʩʝʣʴʥʝ ʨʦʟʚô̫ ʟʫʚʘʥʥʷ ʪʨʠʚʠʤʽʨʥʦʾ ʟʘʜʘʯʽ ɼʽʨʽʭʣʝ ʜʣʷ 

ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʫ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʨʦʟʚô̫ ʟʢʽʚ 

(ʄʌʈ). ʍʦʯʘ ʮʝʡ ʢʣʘʩʠʯʥʠʡ ʧʽʜʭʽʜ ʻ ʧʨʦʩʪʠʤ ʫ ʨʝʘʣʽʟʘʮʽʾ, ʡʦʛʦ ʦʩʥʦʚʥʠʤ 

ʥʝʜʦʣʽʢʦʤ ʻ ʬʦʨʤʫʚʘʥʥʷ ʩʠʩʪʝʤ ʣʽʥʽʡʥʠʭ ʘʣʛʝʙʨʘʾʯʥʠʭ ʨʽʚʥʷʥʴ (ʉʃɸʈ), 

ʤʘʪʨʠʮʽ ʷʢʠʭ ʤʘʶʪʴ ʚʝʣʠʢʝ ʯʠʩʣʦ ʦʙʫʤʦʚʣʝʥʦʩʪʽ. ɺʦʥʦ ʩʠʣʴʥʦ ʟʨʦʩʪʘʻ ʧʨʠ 

ʟʙʽʣʴʰʝʥʥʽ ʢʽʣʴʢʦʩʪʽ ʪʦʯʦʢ, ʱʦ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʥʝʩʪʘʙʽʣʴʥʦʩʪʽ ʦʙʯʠʩʣʝʥʴ ʪʘ 

ʚʪʨʘʪʠ ʪʦʯʥʦʩʪʽ ʨʦʟʚô̫ ʟʢʫ. ɼʣʷ ʩʪʘʙʽʣʽʟʘʮʽʾ ʦʙʯʠʩʣʶʚʘʣʴʥʦʛʦ ʧʨʦʮʝʩʫ ʫ ʮʽʡ 

ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʜʦʙʨʝʦʙʫʤʦʚʣʝʥʽ ʤʦʜʠʬʽʢʘʮʽʾ ʤʝʪʦʜʫ, ʜʠʚ. [2]. ʆʩʥʦʚʥʘ 

ʽʜʝʷ ʥʦʚʠʭ ʤʝʪʦʜʽʚ ʧʦʣʷʛʘʻ ʫ ʟʘʩʪʦʩʫʚʘʥʥʽ ʤʘʪʨʠʯʥʦʾ QR-ʬʘʢʪʦʨʠʟʘʮʽʾ ʪʘ 

ʩʠʥʛʫʣʷʨʥʦʛʦ ʨʦʟʢʣʘʜʫ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʬʝʨʠʯʥʠʭ ʛʘʨʤʦʥʽʢ ʽ ʤʦʜʠʬʽʢʦʚʘʥʠʭ 

ʬʫʥʢʮʽʡ ɹʝʩʩʝʣʷ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ʟʘʜʘʥʦ ʦʙʤʝʞʝʥʫ ʦʙʣʘʩʪʴ ὈṒὙ  ʟ ʤʝʞʝʶῲ. ʇʦʪʨʽʙʥʦ ʟʥʘʡʪʠ 

ʦʙʤʝʞʝʥʫ ʬʫʥʢʮʽʶ όᶰὅ Ὀ ᷊ὅὈ :  

 

ʜʝ ῳό ï ʦʧʝʨʘʪʦʨ ʃʘʧʣʘʩʘ,  Ὢᶰὅῲ ï ʟʘʜʘʥʘ ʬʫʥʢʮʽʷ,    0 ï ʟʘʜʘʥʘ ʢʦʥʩʪʘʥʪʘ. 

ʇʨʷʤʠʡ ʤʝʪʦʜ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʨʦʟʚô̫ ʟʢʽʚ 

ɸʧʨʦʢʩʠʤʘʮʽʷ ʰʫʢʘʥʦʾ ʬʫʥʢʮʽʾ ό ʤʘʻ ʚʠʛʣʷʜ: 

όὼ ό ὼ ὧ ὼȟώ ȟὼɴ Ὀȟ

ς

 

ὧ ᶰὙ  - ʥʝʚʽʜʦʤʽ ʢʦʝʬʽʮʽʻʥʪʠ, ώᶰὙὈ - ʚʠʙʨʘʥʽ ʪʦʯʢʠ ʜʞʝʨʝʣʘ. ʊʦʯʢʠ 

ʜʞʝʨʝʣʘ ώ ʚʠʙʠʨʘʶʪʴ ʥʘ ʰʪʫʯʥʽʡ ʧʦʚʝʨʭʥʽ ῲͮ, ʷʢʘ ʻ ʤʝʞʝʶ ʦʙʣʘʩʪʽ Ὀͮ: ὈṒ Ὀͮ 

ṒὙ . 

ʌʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʨʦʟʚô̫ ʟʦʢ ʜʣʷ ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ ʤʘʻ ʚʠʛʣʷʜ: 

mailto:Olha.Rytsar@lnu.edu.com
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 ὼȟώ
ρ

τ“

Ὡ ᷉ ᷉

ὼ ώ᷉ ȟὼȟώᶰὙȟὼ ώȢ
σ

 

ɿʘʩʪʦʩʦʚʫʶʯʠ ʤʝʪʦʜ ʢʦʣʦʢʘʮʽʾ ʦʪʨʠʤʫʻʤʦ ʉʃɸʈ ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ 

ʥʝʚʽʜʦʤʠʭ ὧ : 

ὧ ὼȟώ ὪὼȟὼᶰῲȟὭ ρȟȣȟάȟά ὲȢ

τ

 

ʉʠʩʪʝʤʫ (4) ʤʦʞʥʘ ʧʦʜʘʪʠ ʫ ʤʘʪʨʠʯʥʽʡ ʬʦʨʤʽ: 

ὃ ὧ ὦȟ
υ

 

ʜʝ ὃ  =  ὼȟώ  ʪʘ ὦ Ὢὼ .  

ɺʽʜʦʤʦ, ʜʠʚ. [3], ʱʦ ʯʠʩʣʦ ʦʙʫʤʦʚʣʝʥʦʩʪʽ ʤʘʪʨʠʮʽ ὃ  ʟʨʦʩʪʘʻ ʧʨʠ 

ʟʙʽʣʴʰʝʥʥʽ ʢʽʣʴʢʦʩʪʽ ʪʦʯʦʢ ὲ, ʘʙʦ ʧʨʠ ʟʙʽʣʴʰʝʥʥʽ ʨʘʜʽʫʩʫ Ὑ ʰʪʫʯʥʦʾ ʤʝʞʽ ῲͮ:  

ÃÏÎÄ  ὃ Ḑ ὰὲὙ .  

ʈʦʟʚô̫ ʟʘʚʰʠ ʩʠʩʪʝʤʫ (5), ʬʫʥʢʮʽʶ ό ʤʦʞʥʘ ʘʧʨʦʢʩʠʤʫʚʘʪʠ ʚ  άͯ 

ʪʝʩʪʦʚʠʭ ʪʦʯʢʘʭ ὼͯ, é , ὼͯͯ ᶰὈ : 

ό ὃ ὧȟ

φ
 

ʜʝ ὃ   ὼͯȟώ ,  Ὥ ρȟȣȟάͯȟὮ ρȟȣȟὲȢ 

QR-ʄʌʈ 

ʅʝʭʘʡ ὃ ὃ
ὃ

. ɼʣʷ ʤʘʪʨʠʮʽ ὃ ʽʩʥʫʻ QR-ʨʦʟʢʣʘʜ: ὃ ὗὙ, ʜʝ Q - 

ά ὲ ʦʨʪʦʥʦʨʤʦʚʘʥʘ (ʧʦ ʩʪʦʚʧʮʷʭ) ʤʘʪʨʠʮʷ, Ὑ - ὲ ὲ ʚʝʨʭʥʷ ʪʨʠʢʫʪʥʘ 

ʤʘʪʨʠʮʷ. ɺʽʜʦʤʦ, ʱʦ ÃÏÎÄ ὃ ÃÏÎÄ Ὑ. ʊʦʤʫ Ὑ ʪʘʢʦʞ ʧʦʛʘʥʦʦʙʫʤʦʚʣʝʥʘ, ʘ 

ʤʘʪʨʠʮʷ ὗ ʻ ʜʦʙʨʝʦʙʫʤʦʚʣʝʥʦʶ, ʜʠʚ. [2],     

ʅʝʭʘʡ ὗ
ὗ

ὗ
. ʊʦʜʽ 

ὃ ὗ Ὑȟὃ ὗ ὙȢ
   (7) 

ʇʽʜʩʪʘʚʠʚʰʠ ʨʦʟʢʣʘʜ (7) ʫ ʤʘʪʨʠʯʥʝ ʨʽʚʥʷʥʥʷ (5), ʦʪʨʠʤʘʻʤʦ: 

ὗ Ὑ̒ ὦ. ʅʝʭʘʡ ̒ Ὑ̒ , ʪʦʜʽ ̒  ʻ ʨʦʟʚô̫ ʟʢʦʤ ʜʦʙʨʝʦʙʫʤʦʚʣʝʥʦʾ 

ʉʃɸʈ: 
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ὗ ̒ ὦȢ
ψ

 

ʇʽʜʩʪʘʚʠʚʰʠ ʟʥʘʡʜʝʥʽ ʢʦʝʬʽʮʽʻʥʪʠ ʫ (6) ʪʘ ʚʨʘʭʫʚʘʚʰʠ ʟʨʦʙʣʝʥʫ 

ʟʘʤʽʥʫ, ʰʫʢʘʥʽ ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

ό ὗ Ὑ̒ ὗ ̒ Ȣ

ω
 

SVD-ʄʌʈ 

ʈʦʟʢʣʘʜʝʤʦ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʨʦʟʚô̫ ʟʦʢ (3), ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʩʬʝʨʠʯʥʽ 

ʛʘʨʤʦʥʽʢʠ. ʅʝʭʘʡ ʫ ʩʬʝʨʠʯʥʠʭ ʢʦʦʨʜʠʥʘʪʘʭ ʪʦʯʢʠ ʢʦʣʦʢʘʮʽʾ ʪʘ ʪʦʯʢʠ ʜʞʝʨʝʣʘ 

ʟʘʜʘʶʪʴʩʷ ʪʘʢʠʤ ʯʠʥʦʤ: ὼ ὶȟ‫ȟ•ȟώ Ὑȟ‚ȟ–. 

ɺʽʜʦʤʠʤ ʻ ʨʦʟʢʣʘʜ (ʜʠʚ. [1]): 

Ὡ ᷉ ᷉

 ᷉ ὼ ώ᷉ В ςὯ ρ
ρ

Ѝ ὶ
Ë π Ὅ  ὶ

ρ

Ѝ Ὑ
ὑ  Ὑὖ

 

ʜʝ —- ʢʫʪ ʤʽʞ ʪʦʯʢʘʤʠ ὼ ʪʘ ώ, Ὅ ȟὑ  - ʤʦʜʠʬʽʢʦʚʘʥʽ ʬʫʥʢʮʽʾ ɹʝʩʩʝʣʷ, 

ὖ- ʧʦʣʽʥʦʤʠ ʃʝʞʘʥʜʨʘ . 

ɺʨʘʭʦʚʫʶʯʠ, ʱʦ 

  

ʦʪʨʠʤʫʻʤʦ: 

ρ

τ“

Ὡ ᷉ ᷉

ὼ ώ᷉ В В
Ὅ  ὶ

Ѝὶ
Њ

ὑ  Ὑ

ЍὙ
ὣ ‚ȟ–ὣ ‫ȟ•ȟ

ρρ

 

 

ʜʝ ὣ —ȟ• ρ
Ȧ

Ȧ
   - ʩʬʝʨʠʯʥʽ ʛʘʨʤʦʥʽʢʠ. 

   ʆʙʤʝʞʠʚʰʠ ʨʷʜ (11) ʩʢʽʥʯʝʥʥʦʶ ʩʫʤʦʶ, ʜʣʷ ὑͮᶰὔ ʦʜʝʨʞʠʤʦ: 

 ὼȟώ
Ὡ ᷉ ᷉

τ“᷉ ὼ ώ᷉

ὶ

ὯЍὙ

ͮ

ὑ  Ὑὣ ‚ȟ–
Ὧ

ὶЍὶ
Ὅ  ὶὣ ‫ȟ•ȟρς 

ʜʝ ὶ ὶὩ , ὶ άὥὼ
ᶰ
ὼ᷉ . 
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ʊʦʜʽ ʤʘʪʨʠʮʽ ὃ , ὃ , ʤʦʞʥʘ ʧʦʜʘʪʠ ʫ ʚʠʛʣʷʜʽ ʪʘʢʦʛʦ ʤʘʪʨʠʯʥʦʛʦ 

ʜʦʙʫʪʢʫ: 

ὃ ὓὊ ȟ

ρσ
 

ὃ ὓὊ ȟ

ρτ
 

ʜʝ ὓȟὊ ,Ὂ  ʚʽʜʦʤʽ ʤʘʪʨʠʮʽ, ʝʣʝʤʝʥʪʠ ʷʢʠʭ ʚʠʨʘʞʘʶʪʴʩʷ ʚʨʘʭʦʚʫʶʯʠ (12). 

ɿʘʟʚʠʯʘʡ ʤʘʪʨʠʮʷ Ὂ ʻ ʜʦʙʨʝʦʙʫʤʦʚʣʝʥʦʶ, ʦʩʥʦʚʥʘ ʧʨʦʙʣʝʤʘ ʚ ʧʦʛʘʥʽʡ 

ʦʙʫʤʦʚʣʝʥʦʩʪʽ ʤʘʪʨʠʮʽ ὓ. ʊʦʤʫ ʟʘʩʪʦʩʫʻʤʦ ʩʠʥʛʫʣʷʨʥʠʡ ʨʦʟʢʣʘʜ: ὓ ὟὛὠ ,  

ʜʝ Ὗ ʪʘ ὠ - ʫʥʽʪʘʨʥʽ ʤʘʪʨʠʮʽ, ʘ Ὓ - ʜʽʘʛʦʥʘʣʴʥʘ ʤʘʪʨʠʮʷ ʟ ʥʝʚʽʜô̒ ʤʥʠʤʠ 

ʝʣʝʤʝʥʪʘʤʠ. 

ʅʝʭʘʡ Ὓ , ʜʝ Ὓ- ʥʝʚʠʨʦʜʞʝʥʘ ʜʽʘʛʦʥʘʣʴʥʘ ʤʘʪʨʠʮʷ, ʘ ὠ
ὠ

ὠ
, ʜʝ 

ὠ  - ʤʘʪʨʠʮʷ, ʫʪʚʦʨʝʥʘ ʟ ʧʝʨʰʠʭ ʨʷʜʢʽʚ ὠ Ȣ ʊʦʜʽ Ὓὠ Ὓὠ Ȣ 

  ʇʦʤʥʦʞʠʚʰʠ (13) ʟʣʽʚʘ ʥʘ Ὓ Ὗ ȟʦʪʨʠʤʘʻʤʦ: 

Ὓ Ὗ ὃ ὠ Ὂ Ȣ

ρυ
 

  ʇʽʩʣʷ ʪʨʘʥʩʧʦʥʫʚʘʥʥʷ ʚʠʨʘʟʫ (15) ʪʘ ʚʨʘʭʫʚʘʥʥʷ (14) ʜʣʷ ʪʝʩʪʦʚʠʭ 

ʪʦʯʦʢ, ʤʘʪʨʠʮʽ ʤʘʪʠʤʫʪʴ ʪʘʢʠʡ ʚʠʛʣʷʜ: 

ὃ ὠ Ὂ Ὓ Ὗȟὃ ὠ Ὂ Ὓ ὟȢ

ρφ
 

   ʇʽʜʩʪʘʚʠʚʰʠ (16) ʫ ʤʘʪʨʠʯʥʝ ʨʽʚʥʷʥʥʷ (5), ʦʪʨʠʤʘʻʤʦ: 

ὠ Ὂ Ὓ Ὗὧ ὦȢ 

   ɺʚʽʚʰʠ ʟʘʤʽʥʫ ὧ  Ὓ Ὗὧȟ ʦʪʨʠʤʘʻʤʦ ʜʦʙʨʝʦʙʫʤʦʚʣʝʥʫ 
ʉʃɸʈ: 

ὠ Ὂ ὧ ὦȢ

ρχ  

   ʇʽʜʩʪʘʚʠʚʰʠ ʟʥʘʡʜʝʥʽ ʢʦʝʬʽʮʽʻʥʪʠ ʫ (6) ʪʘ ʚʨʘʭʫʚʘʚʰʠ ʨʦʟʢʣʘʜ (16), 

ʰʫʢʘʥʽ ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

ό ὠ Ὂ ὧ Ȣ

ρψ
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Hybrid -ʄʌʈ 

   ʅʝʭʘʡ ʤʘʪʨʠʮʷ Ὂ  ʪʝʞ ʧʦʛʘʥʦʦʙʫʤʦʚʣʝʥʘ.  

   ʅʝʭʘʡ 
Ὂ

Ὂ

ὗ

ὗ
ὙȢ ɿʚʽʜʩʠ ʦʪʨʠʤʘʻʤʦ: 

 

Ὂ Ὑὗ ȟὊ Ὑὗ Ȣ
ρω

         

   ʇʽʜʩʪʘʚʠʚʰʠ (19) ʫ (13) ʤʘʻʤʦ: 

ὃ ὓὙὗ ὓͯὗȟ̅ ὓ̆ͯ ὓὙȢ 

  ɿʘʩʪʦʩʫʚʘʚʰʠ ʩʠʥʛʫʣʷʨʥʠʡ ʨʦʟʢʣʘʜ ʜʦ  ὓͯ, ʦʪʨʠʤʘʻʤʦ: 

ὃ ὠͯ ὗ Ὓͯ Ὗͯȟὃ ὠͯ ὗ Ὓͯ ὟͯȢ

ςπ
 

 

ʇʽʜʩʪʘʚʠʚʰʠ (20) ʫ  ʨʽʚʥʷʥʥʷ (5), ʦʪʨʠʤʘʻʤʦ: 

ὠͯ ὗ Ὓͯ Ὗͯὧ ὦȢ   

ɺʚʽʚʰʠ ʟʘʤʽʥʫ ὧ  Ὓͯ Ὗͯ ὧʦʪʨʠʤʘʻʤʦ ʉʃɸʈ: 

ὠͯ ὗ ὧ ὦȢ

ςρ  

ʇʽʜʩʪʘʚʠʚʰʠ ʟʥʘʡʜʝʥʽ ʢʦʝʬʽʮʽʻʥʪʠ ʫ (6) ʪʘ ʚʨʘʭʫʚʘʚʰʠ ʨʦʟʢʣʘʜ (20), 

ʰʫʢʘʥʽ ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

ό ὠͯ ὗ ὧȢ

ςς
 

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ʅʝʭʘʡ ʤʝʞʘ ῲ ʪʘ ʰʪʫʯʥʘ ʤʝʞʘ ῲͮʟʘʜʘʥʽ ʫ ʩʬʝʨʠʯʥʠʭ ʢʦʦʨʜʠʥʘʪʘʭ  

—ᶰπȠ“ȟ•ᶰπȠς“ ʪʘʢʠʤ ʯʠʥʦʤ: 

ῲ ὶ—ȟ•  

πȢς 

ῲͮ  

ɼʣʷ ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ ʟ ʧʘʨʘʤʝʪʨʦʤ   ρ ʚ ʨʦʣʽ ʪʦʯʥʦʛʦ 

ʨʦʟʚô̫ ʟʢʫ ʚʠʢʦʨʠʩʪʘʻʤʦ ʬʫʥʢʮʽʶ: 
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όὼ ὩЍ Ȣ 

ʇʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʯʠʩʣʘ ʦʙʫʤʦʚʣʝʥʦʩʪʽ ʤʘʪʨʠʮʴ ʪʘ ʧʦʭʠʙʦʢ 

ʥʘʙʣʠʞʝʥʦʛʦ ʨʦʟʚô̫ ʟʢʫ ʚ 400 ʪʝʩʪʦʚʠʭ ʪʦʯʢʘʭ ὼͯᶰὈ  ʧʨʠ ʟʥʘʯʝʥʥʷʭ ά ὲ

τππ ʜʣʷ ʯʦʪʠʨʴʦʭ ʧʽʜʭʦʜʽʚ ʥʘʚʝʜʝʥʦ ʫ ʊʘʙʣ. 1. 

ʊʘʙʣ. 1. ʏʠʩʣʘ ʦʙʫʤʦʚʣʝʥʦʩʪʽ ʤʘʪʨʠʮʴ ʪʘ ʧʦʭʠʙʢʠ ʜʣʷ ʫʩʽʭ ʤʝʪʦʜʽʚ  

ʄʝʪʦʜ ÃÏÎÄ ὃ ʇʦʭʠʙʢʘ 

ʇʨʷʤʠʡ ʄʌʈ ρȟτςẗρπ ςȟςσẗρπ  

QR-Mʌʈ τȟχρẗρπ ρȟπωẗρπ  

SVD-ʄʌʈ χȟςωẗρπ σȟυψẗρπ  

Hybrid -ʄʌʈ 1,46 ẗρπ σȟσςẗρπ  

 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Abramowitz M. Handbook of Mathematical Functions with Formulas, 

Graphs, and   Mathematical Tables / M. Abramowitz, I. A. Stegun. ï 

Washington, D.C. : National Bureau of Standards, 1972. 

2. Antunes P. R. S. The MFS-SVD method for the Laplace equation in three  

dimensions / P. R. S. Antunes, V. Santos, P. Serranho // Journal on 

Scientific  Computing. ï 2025. ʊʦʤ. 47.ï ˉ 1.ï ʉ. 454ï471. 

3. Cheng A. H. D. An overview of the method of fundamental solutions-

Solvability, uniqueness, convergence, and stability / A. H. D. Cheng, Y. 

Hong // Engineering Analysis with Boundary Elements.ï 2020.ï ʊʦʤ. 

120.ï ʉ. 118ï152. 
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ʄɽʊʆɼ ʌʋʅʂʎɯʁ ɻʈɯʅɸ ɼʃʗ ʂʈɸʁʆɺʀʍ ɿɸɼɸʏ ʋ 

ʅɸʇɯɺɹɽɿʄɽɾʅʀʍ ʆɹʃɸʉʊʗʍ 

ʉʠʜʦʨʘʢ ʖʣʽʷ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ  

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

yuliia.sydorak@lnu.edu.ua  

ʈʦʟʛʣʷʜʘʻʤʦ ʯʠʩʝʣʴʥʝ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʢʨʘʡʦʚʠʭ ʟʘʜʘʯ ʜʣʷ ʨʽʚʥʷʥʴ 

ʃʘʧʣʘʩʘ ʪʘ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ ʫ ʥʘʧʽʚʙʝʟʤʝʞʥʠʭ ʦʙʣʘʩʪʷʭ. ɿʘʩʪʦʩʦʚʫʻʤʦ ʤʝʪʦʜ 

ʬʫʥʢʮʽʡ ɻʨʽʥʘ, ʜʝ ʰʫʢʘʥʝ ʨʽʰʝʥʥʷ ʘʧʨʦʢʩʠʤʫʻʤʦ ʣʽʥʽʡʥʦʶ ʢʦʤʙʽʥʘʮʽʻʶ 

ʬʫʥʢʮʽʡ ɻʨʽʥʘ, ʘ ʥʝʚʽʜʦʤʽ ʢʦʝʬʽʮʽʻʥʪʠ ʚʠʟʥʘʯʘʻʤʦ ʤʝʪʦʜʦʤ ʢʦʣʦʢʘʮʽʾ. ɼʣʷ 

ʦʙʯʠʩʣʝʥʥʷ ʽʥʪʝʛʨʘʣʽʚ ʚʠʢʦʨʠʩʪʦʚʫʻʤʦ sinc-ʢʚʘʜʨʘʪʫʨʠ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ὈṒὙȟὨ ςȟσ ï ʥʘʧʽʚʙʝʟʤʝʞʥʘ ʦʙʣʘʩʪʴ ʟ ʥʝʦʙʤʝʞʝʥʦʶ ʤʝʞʝʶ  

ῲ ʪʘ ʦʙʤʝʞʝʥʦʶ ʤʝʞʝʶ  ῲ. 

ῲ ʤʘʻ ʪʘʢʝ ʧʦʜʘʥʥʷ: 
ῲ ὸȟπȟЊ ὸ ЊȟὨ ςȟ

ῲ ὸȟπȟЊ ὸ ЊȟЊ ί ЊȟὨ σȢ
 

ʇʦʪʨʽʙʥʦ ʟʥʘʡʪʠ ʦʙʤʝʞʝʥʫ ʬʫʥʢʮʽʶ ό: 

 ὒό πὈ̃ȟ
ό Ὢ̎ ῲ́ȟ
ό Ὢ̎ ῲ́ȟ

όὼ ὕȿὼȿ ȟὼɴ ὈȟȿὼȿO Њȟ

 (1) 

ʜʝ ὒ ï ʝʣʽʧʪʠʯʥʠʡ ʜʠʬʝʨʝʥʮʽʘʣʴʥʠʡ ʦʧʝʨʘʪʦʨ, Ὢᶰ˞ː ȟὯ ρȟς ï ʟʘʜʘʥʽ 

ʬʫʥʢʮʽʾ. 

ɺ ʜʘʥʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʻʤʦ ʜʚʘ ʨʽʚʥʷʥʥʷ: 

 o ʈʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ: ὒόḳЎόȢ 

o ʈʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ: ὒόḳЎό ‖όȟ‖ πȢ 
 (2) 

ʄʝʪʦʜ ʬʫʥʢʮʽʡ ɻʨʽʥʘ 

ʌʫʥʢʮʽʷ ɻʨʽʥʘ ʜʣʷ ʧʽʚʧʣʦʱʠʥʠ (ʘʙʦ ʧʽʚʧʨʦʩʪʦʨʫ, Ὠ σ) ʤʘʻ ʚʠʛʣʷʜ: 

 Ὃὼȟώ  ὼȟώ  ὼȟώ ȟ (3) 

ὼɴ Ὀȟὼ ώȟὈ ṒὙ  ï ʦʙʤʝʞʝʥʘ ʪʽʣʴʢʠ ῲ, ώ
ώȟώ ȟὨ ςȟ

ώȟώȟώ ȟὨ σȟ
 

 ὼȟώ ï ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʨʦʟʚôʷʟʦʢ ʜʣʷ ʨʽʚʥʷʥʥʷ ὒό π. 

ɺʽʜʦʤʦ, ʱʦ  ὼȟώ ʤʘʻ ʪʘʢʠʡ ʚʠʛʣʷʜ: 

o ɼʣʷ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ 

mailto:yuliia.sydorak@lnu.edu.ua
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 ὼȟώ

ừ
Ừ

ứ
ρ

ς“
ὰὲ

ρ

ȿὼ ώȿ
ȟὨ ςȟ

ρ

τ“

ρ

ȿὼ ώȿ
ȟὨ σȢ

 (4ʘ) 

o ɼʣʷ ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ 

 

 ὼȟώ

ừ
Ừ

ứ
ρ

ς“
ὑ ‖ȿὼ ώȿȟὨ ςȟ

ρ

τ“

Ὡ ȿ ȿ

ȿὼ ώȿ
ȟὨ σȟ

 (4b) 

ʜʝ ὑ  ï ʤʦʜʠʬʽʢʦʚʘʥʘ ʬʫʥʢʮʽʷ ɹʘʩʩʝʣʷ 2-ʛʦ ʨʦʜʫ, ʜʠʚ. [1, 2]. 

ʌʫʥʢʮʽʷ ɻʨʽʥʘ Ὃὼȟώ ʤʘʻ ʪʘʢʽ ʚʣʘʩʪʠʚʦʩʪʽ: 

ЎὋὼȟώ πȟὼɴ Ὀȟὼ ώȟ

Ὃὼȟώ πȟὼɴ ῲȢ
 

ɸʧʨʦʢʩʠʤʘʮʽʷ ʰʫʢʘʥʦʾ ʬʫʥʢʮʽʾ: 

 
όὼ ό ὼ ‌Ὃὼȟώ

Ὢώ
‬Ὃ

‬’ώ
ὼȟώὨίώȟὼɴ Ὀȟ 

(5) 

ʜʝ ‌ᶰὙ - ʥʝʚʽʜʦʤʽ ʢʦʝʬʽʮʽʻʥʪʠ, ώᶰὈ - ʚʠʙʨʘʥʽ ʪʦʯʢʠ ʜʞʝʨʝʣʘ, Ὀ ṒὙ  - 

ʦʙʣʘʩʪʴ, ʦʙʤʝʞʝʥʘ ʤʝʞʝʶ ῲ, ’ώ ï ʚʝʢʪʦʨ ʟʦʚʥʽʰʥʴʦʾ ʦʥʠʥʠʯʥʦʾ ʥʦʨʤʘʣʽ ʜʦ 

ῲȢ 

ʃʝʛʢʦ ʧʝʨʝʚʽʨʠʪʠ, ʱʦ ʘʧʨʦʢʩʠʤʘʮʽʷ (5) ʪʦʯʥʦ ʟʘʜʦʚʦʣʴʥʷʻ ʨʽʚʥʷʥʥʷ ʪʘ 

ʢʨʘʡʦʚʫ ʫʤʦʚʫ ɼʽʨʽʭʣʝ ʥʘ ῲ ʫ (1). 

ɺʠʙʽʨ ʪʦʯʦʢ ʜʞʝʨʝʣʘ ώ: 

o ʅʝʭʘʡ ʚ Ὑȟ ῲ ʤʘʻ ʪʘʢʝ ʧʘʨʘʤʝʪʨʠʯʥʝ ʧʦʜʘʥʥʷ: 

ῲ  

ʊʦʜʽ ώ –‎ ὸ ὼȟὸ ὮȟὮ ρȟȣȟὲȟπ – ρȢ 

o ʅʝʭʘʡ ʚ Ὑȟ ῲ ʤʘʻ ʪʘʢʝ ʧʘʨʘʤʝʪʨʠʯʥʝ ʧʦʜʘʥʥʷ: 

ῲ ‎ —ȟ• ‎ —ȟ•ȟ‎ —ȟ•ȟ‎ —ȟ• ὼȟ—ᶰπȟ“ȟ•ᶰπȟς“ Ȣ 

ʊʦʜʽ ώ ώ Ƞώ –‎—ȟ• ὼȟ— ίȟί ρȟȣȟὲȠ• ὴȟ 

ὴ ρȟȣȟὲȠὲ ὲὲȢ 

ɺʠʛʣʷʜ ὼȟώȟὼɴ Ὀȟώᶰῲ: 

o ɼʣʷ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ: 
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‬Ὃ

‬’ώ
ὼȟώ

ὼ

ȿὼ ώȿ
ȟὨ ςȟ

ὼ

ς“ȿὼ ώȿ
ȟὨ σȢ

 (6a) 

o ɼʣʷ ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ: 

 

‬Ὃ

‬’ώ
ὼȟώ

ừ
Ử
Ừ

Ử
ứ ‖

“

ὑ ‖ȿὼ ώȿ

ȿὼ ώȿ
ὼȟὨ ςȟ

Ὡ ȿ ȿ

ς“ȿὼ ώȿ
‖ȿὼ ώȿ ρὼȟὨ σȟ

 

 

(6b) 

ʜʝ ὑ  ï ʤʦʜʠʬʽʢʦʚʘʥʘ ʬʫʥʢʮʽʷ ɹʝʩʩʝʣʷ 2-ʛʦ ʨʦʜʫ 1-ʛʦ ʧʦʨʷʜʢʫ, ʜʠʚ. [1].  

ʄʝʪʦʜ ʢʦʣʦʢʘʮʽʾ ʜʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ‌: 

 
‌Ὃὼȟώ ὖὼȟὼ ῲɴȟὭ ρȟȣȟάȟά ὲȟ (7) 

ʜʝ ὖὼ Ὢὼ ᷿Ὢώ ὼȟώὨίώȟὼɴ ῲ, ὼ ï ʚʠʙʨʘʥʽ ʪʦʯʢʠ 

ʢʦʣʦʢʘʮʽʾ. 

ɼʣʷ ʦʙʯʠʩʣʝʥʥʷ ʽʥʪʝʛʨʘʣʫ ʧʦ ῲ ʚʠʢʦʨʠʩʪʘʻʤʦ sinc-ʢʚʘʜʨʘʪʫʨʫ, ʜʠʚ. [3]: 

o ɺ Ὑ : 

 

ὪώὨίώ ὪͯὸὨὸὬ Ὢͯ (8a) 

ʜʝ Ὢͯὸ Ὢ ὸȟπ ȟὬ
Ѝ
ȟὓ πȢ  

o ɺ Ὑ : 

 
ὪώὨίώ ὪͯὸȟίὨὸὨί

Ὤ ὪͯίὭὲὬὯὬȟίὭὲὬὰὬ ὧέίὬὯὬὧέίὬὰὬȟ 

(8b) 

ʜʝ Ὢͯὸȟί Ὢ ὸȟίȟπ ȟὬ
Ѝ
ȟὓ πȢ  

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ  

ʇʨʠʢʣʘʜ 1. ʈʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ ʜʣʷ ʜʚʦʚʠʤʽʨʥʦʾ ʦʙʣʘʩʪʽ 

ʈʦʟʛʣʷʥʝʤʦ ʟʘʜʘʯʫ ɼʽʨʽʭʣʝ ʜʣʷ ʨʽʚʥʷʥʥʷ Ўό π ʫ ʧʽʚʧʣʦʱʠʥʽ ὼ π ʟ 

ʦʪʚʦʨʦʤ ῲ ʫ ʬʦʨʤʽ çʘʨʘʭʽʩʫè ῲ ‎ — ὶ— ὧέί—ȟίὭὲ—πȟρȟ̅ ὶ̆—

πȢτρ πȢσὧέίς—ȟ—ᶰπȟς“ . ʂʨʘʡʦʚʽ ʫʤʦʚʠ ʥʘ ῲ ʪʘ ῲ ʫʟʛʦʜʞʝʥʽ ʟ ʪʦʯʥʠʤ 



53 

 

ʨʦʟʚôʷʟʢʦʤ ό ὼ . ʏʠʩʝʣʴʥʠʡ ʘʥʘʣʽʟ ʧʨʦʚʝʜʝʥʦ ʜʣʷ ʬʽʢʩʦʚʘʥʦʾ 

ʢʽʣʴʢʦʩʪʽ ʪʦʯʦʢ ʢʦʣʦʢʘʮʽʾ ὲ τπ ʪʘ ʨʽʟʥʠʭ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʘ M ʜʣʷ sinc-

ʢʚʘʜʨʘʪʫʨʠ. 

ʊʘʙʣ. 1. ʈʝʟʫʣʴʪʘʪʠ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ὓ ρππ. 

ὼ ὼȟὼ  ό ὼ ό ὼ ό ὼ ό ὼ

 ᷉

(10.0, 10.0) -0.049724 -0.049724 ρȢσυτὩ ρς 

(0.0, 2.0) -1.000000 -1.000000 ρȢωρφὩ ρσ 

(-1.5, 0.5) 0.200000 0.200000 χȢτφωὩ πω 

(2.0, 0.5) 0.117647 0.117647 σȢππτὩ πχ 

(0.5, 0.2) 0.898876 0.898890 ρȢσςςὩ πυ 

ʊʘʙʣ. 2. ʈʝʟʫʣʴʪʘʪʠ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ὓ υππ. 

ὼ ὼȟὼ  ό ὼ ό ὼ ό ὼ ό ὼ

 ᷉

(10.0, 10.0) -0.049724 -0.049724 ρȢρφφὩ ρυ 

(0.0, 2.0) -1.000000 -1.000000 ςȢχυσὩ ρτ 

(-1.5, 0.5) 0.200000 0.200000 ρȢυψςὩ ρυ 

(2.0, 0.5) 0.117647 0.117647 τȢωςχὩ ρυ 

(0.5, 0.2) 0.898876 0.898876 ρȢυππὩ ρρ 

ʇʨʠʢʣʘʜ 2. ʈʽʚʥʷʥʥʷ ʂʣʝʡʥʘ ï ɻʦʨʜʦʥʘ ʜʣʷ ʪʨʠʚʠʤʽʨʥʦʾ ʦʙʣʘʩʪʽ 

ʈʦʟʛʣʷʥʝʤʦ ʟʘʜʘʯʫ ɼʽʨʽʭʣʝ ʜʣʷ ʨʽʚʥʷʥʥʷ ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ Ўό ‖ό π 

ʟ ʧʘʨʘʤʝʪʨʦʤ ‖ ρ ʫ ʧʽʚʧʨʦʩʪʦʨʽ ὼ π ʟ ʦʪʚʦʨʦʤ ῲ. ῲ ʤʘʻ ʩʢʣʘʜʥʫ 

ʧʨʦʩʪʦʨʦʚʫ ʬʦʨʤʫ  

ῲ ‎ •ȟ— Ὑ•ȟ— ίὭὲ—ὧέί•ȟίὭὲ—ίὭὲ•ȟὧέί—πȟπȟςȟ 

̅Ὑ̆•ȟ— πȢψ πȢςὧέίς• ρ ὧέίτ— ρȟ•ᶰπȟς“ȟ—ᶰπȟ“ , 

ʘ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʥʘ ῲ ʪʘ ʧʣʦʱʠʥʽ ὼ π ʫʟʛʦʜʞʝʥʽ ʟ ʪʦʯʥʠʤ ʨʦʟʚôʷʟʢʦʤ 

ό ὼ ὩЍ . ʏʠʩʝʣʴʥʠʡ ʘʥʘʣʽʟ ʧʨʦʚʝʜʝʥʦ ʜʣʷ ʬʽʢʩʦʚʘʥʦʾ ʢʽʣʴʢʦʩʪʽ 

ʪʦʯʦʢ ʢʦʣʦʢʘʮʽʾ ὲ χς ʪʘ ʨʽʟʥʠʭ ʟʥʘʯʝʥʴ ʧʘʨʘʤʝʪʨʘ M ʜʣʷ ʜʚʦʚʠʤʽʨʥʦʾ sinc-

ʢʚʘʜʨʘʪʫʨʠ. 

ʊʘʙʣ. 3. ʈʝʟʫʣʴʪʘʪʠ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ὓ ςυȢ 

ὼ ὼȟὼ  ό ὼ ό ὼ ό ὼ ό ὼ

 ᷉

(0.0, 0.0, 4.0) 0.099321 0.099321 ρȢχςφὩ ρρ 
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(0.5, 0.5, 4.5) 0.041776 0.041776 ρȢπςτὩ ρρ 

(0.3, -0.2, 0.8) 0.594749 0.594749 ςȢπςτὩ ρρ 

(1.5, 0.0, 1.0) 0.236129 0.236129 υȢωςπὩ πψ 

ʊʘʙʣ. 4. ʈʝʟʫʣʴʪʘʪʠ ʦʙʯʠʩʣʝʥʴ ʧʨʠ ὓ υπȢ 

ὼ ὼȟὼ  ό ὼ ό  ό ὼ ό ὼ

 ᷉

(0.0, 0.0, 4.0) 0.099321 0.099321 ρȢτπωὩ ρτ 

(0.5, 0.5, 4.5) 0.041776 0.041776 σȢτρτὩ ρυ 

(0.3, -0.2, 0.8) 0.594749 0.594749 τȢτφφὩ ρσ 

(1.5, 0.0, 1.0) 0.236129 0.236129 ρȢςτωὩ ρρ 
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ʄʘʪʝʤʘʪʠʯʥʝ ʤʦʜʝʣʶʚʘʥʥʷ ʙʘʛʘʪʴʦʭ ʩʫʯʘʩʥʠʭ ʬʽʟʠʯʥʠʭ ʧʨʦʮʝʩʽʚ 

ʧʨʠʚʦʜʠʪʴ ʜʦ ʥʝʦʙʭʽʜʥʦʩʪʽ ʨʦʟʚ'ʷʟʫʚʘʥʥʷ ʢʨʘʡʦʚʠʭ ʟʘʜʘʯ ʫ ʢʫʩʢʦʚʦ-

ʦʜʥʦʨʽʜʥʠʭ ʩʝʨʝʜʦʚʠʱʘʭ (ʢʦʤʧʦʟʠʪʥʽ ʤʘʪʝʨʽʘʣʠ, ʙʽʦʣʦʛʽʯʥʽ ʪʢʘʥʠʥʠ). ʋ ʪʘʢʠʭ 

ʟʘʜʘʯʘʭ ʨʦʟʨʘʭʫʥʢʦʚʘ ʦʙʣʘʩʪʴ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʢʽʣʴʢʦʭ ʧʽʜʦʙʣʘʩʪʝʡ ʟ ʨʽʟʥʠʤʠ 

ʬʽʟʠʯʥʠʤʠ ʚʣʘʩʪʠʚʦʩʪʷʤʠ, ʥʘ ʤʝʞʽ ʷʢʠʭ ʥʝʦʙʭʽʜʥʦ ʟʘʙʝʟʧʝʯʠʪʠ ʫʤʦʚʠ 

ʽʜʝʘʣʴʥʦʛʦ ʢʦʥʪʘʢʪʫ (ʥʝʧʝʨʝʨʚʥʽʩʪʴ ʬʽʟʠʯʥʦʛʦ ʧʦʣʷ ʪʘ ʡʦʛʦ ʧʦʪʦʢʫ). 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʪʨʘʜʠʮʽʡʥʠʭ ʩʽʪʢʦʚʠʭ ʤʝʪʦʜʽʚ (ʄʉɽ, ʄʉʈ) ʜʣʷ ʙʘʛʘʪʦʚʠʤʽʨʥʠʭ 

ʦʙʣʘʩʪʝʡ ʩʢʣʘʜʥʦʾ ʬʦʨʤʠ ʻ ʨʝʩʫʨʩʦʤʽʩʪʢʠʤ ʯʝʨʝʟ ʩʢʣʘʜʥʽʩʪʴ ʛʝʥʝʨʘʮʽʾ ʷʢʽʩʥʦʾ 
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ʩʽʪʢʠ. ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʦʟʨʦʙʢʘ ʪʘ ʟʘʩʪʦʩʫʚʘʥʥʷ ʙʝʟʩʽʪʢʦʚʦʛʦ ʤʝʪʦʜʫ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʨʦʟʚ'ʷʟʢʽʚ (ʄʌʈ) ʜʣʷ ʩʧʨʷʞʝʥʠʭ ʝʣʽʧʪʠʯʥʠʭ ʟʘʜʘʯ, ʱʦ 

ʜʦʟʚʦʣʷʻ ʫʥʠʢʥʫʪʠ ʛʝʥʝʨʘʮʽʾ ʩʽʪʢʠ ʯʠ ʦʙʯʠʩʣʝʥʥʷ ʩʠʥʛʫʣʷʨʥʠʭ ʽʥʪʝʛʨʘʣʽʚ.  

ʄʘʪʝʤʘʪʠʯʥʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʈʦʟʛʣʷʜʘʻʪʴʩʷ ʦʙʤʝʞʝʥʘ ʦʙʣʘʩʪʴ  ṒὙ  ), ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ 

ʚʥʫʪʨʽʰʥʴʦʾ ʧʽʜʦʙʣʘʩʪʽ Ὀ  ʪʘ ʟʦʚʥʽʰʥʴʦʾ Ὀ.  ʅʝʭʘʡ ῲ  ð ʩʧʽʣʴʥʘ ʤʝʞʘ ʧʦʜʽʣʫ 

ʩʝʨʝʜʦʚʠʱ, ʘ ῲ  ð ʟʦʚʥʽʰʥʷ ʤʝʞʘ. ʋ Ὀ ʬʫʥʢʮʽʷ ὺὼ ʟʘʜʦʚʦʣʴʥʷʻ ʨʽʚʥʷʥʥʷ 

ʂʣʝʡʥʘ-ɻʦʨʜʦʥʘ, ʘ ʚ Ὀ ʬʫʥʢʮʽʷ όὼ ʟʘʜʦʚʦʣʴʥʷʻ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ:  

 

ῳὺὼ ‖ὺὼ πȟὼɴ Ὀȟ

ρ
 

ῳόὼ πȟὼɴ ὈȢ
ς

 

 

ʅʘ ʚʥʫʪʨʽʰʥʽʡ ʤʝʞʽ ῲ ʟʘʜʘʶʪʴʩʷ ʫʤʦʚʠ ʩʧʨʷʞʝʥʥʷ (ʥʝʧʝʨʝʨʚʥʽʩʪʴ 

ʧʦʪʝʥʮʽʘʣʫ ʪʘ ʧʦʪʦʢʫ):  

όὼ ὺὼȟὼɴ ῲȟ 
‬ό

‬’
ὼ

‬ὺ

‬’
ὼȟὼɴ ῲȢ

σ
 

ʅʘ ʟʦʚʥʽʰʥʽʡ ʤʝʞʽ  ῲ  ʟʘʜʘʻʪʴʩʷ ʢʨʘʡʦʚʘ ʫʤʦʚʘ ɼʽʨʽʭʣʝ: 

 

όὼ Ὢὼȟὼɴ ῲȢ

τ
 

 

ɹʫʜʝʤʦ ʚʚʘʞʘʪʠ, ʱʦ ʚʭʽʜʥʽ ʜʘʥʽ ʩʧʨʷʞʝʥʦʾ ʢʨʘʡʦʚʦʾ ʟʘʜʘʯʽ (1)-(4) ʻ 

ʜʦʩʪʘʪʥʴʦ ʛʣʘʜʢʠʤʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʽʩʥʫʚʘʥʥʷ ʪʘ ʻʜʠʥʽʩʪʴ ʾʾ ʢʣʘʩʠʯʥʦʛʦ 

ʨʦʟʚôʷʟʢʫ. 

 

ɸʣʛʦʨʠʪʤ ʄʌʈ ʜʣʷ ʩʧʨʷʞʝʥʠʭ ʟʘʜʘʯ 

ʅʘʙʣʠʞʝʥʠʡ ʨʦʟʚ'ʷʟʦʢ ʫ ʢʦʞʥʽʡ ʧʽʜʦʙʣʘʩʪʽ ʰʫʢʘʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʣʽʥʽʡʥʦʾ 

ʢʦʤʙʽʥʘʮʽʾ ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʭ ʨʦʟʚ'ʷʟʢʽʚ ʚʽʜʧʦʚʽʜʥʦʛʦ ʜʠʬʝʨʝʥʮʽʘʣʴʥʦʛʦ 

ʨʽʚʥʷʥʥʷ:  
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ό ὼ ‌ ὼȟώ Ȣ

υ

 

ɼʣʷ ʫʥʠʢʥʝʥʥʷ ʩʠʥʛʫʣʷʨʥʦʩʪʝʡ ʪʦʯʢʠ ʜʞʝʨʝʣ ώ ʚʠʥʦʩʷʪʴʩʷ ʟʘ ʤʝʞʽ 

ʚʽʜʧʦʚʽʜʥʠʭ ʧʽʜʦʙʣʘʩʪʝʡ ʥʘ ʚʽʜʩʪʘʥʴ ʧʘʨʘʤʝʪʨʘ ʚʽʜʩʪʫʧʫ Ὠ Ȣ ʂʦʝʬʽʮʽʻʥʪʠ ‌ 

ʟʥʘʭʦʜʷʪʴʩʷ ʤʝʪʦʜʦʤ ʢʦʣʦʢʘʮʽʾ ʰʣʷʭʦʤ ʟʘʜʦʚʦʣʝʥʥʷ ʛʨʘʥʠʯʥʠʭ ʫʤʦʚ ʪʘ ʫʤʦʚ 

ʩʧʨʷʞʝʥʥʷ ʫ ʩʢʽʥʯʝʥʥʦʤʫ ʥʘʙʦʨʽ ʪʦʯʦʢ ʥʘ ʤʝʞʘʭ. ʆʪʨʠʤʘʥʘ ʧʝʨʝʚʠʟʥʘʯʝʥʘ 

ʙʣʦʯʥʘ ʩʠʩʪʝʤʘ ʣʽʥʽʡʥʠʭ ʘʣʛʝʙʨʘʾʯʥʠʭ ʨʽʚʥʷʥʴ ʨʦʟʚ'ʷʟʫʻʪʴʩʷ ʤʝʪʦʜʦʤ 

ʥʘʡʤʝʥʰʠʭ ʢʚʘʜʨʘʪʽʚ.  

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ɼʣʷ ʚʝʨʠʬʽʢʘʮʽʾ ʤʝʪʦʜʫ ʨʦʟʚ'ʷʟʘʥʦ ʪʝʩʪʦʚʫ ʟʘʜʘʯʫ ʟ ʚʽʜʦʤʠʤ ʪʦʯʥʠʤ 

ʨʦʟʚô̫ ʟʢʦʤ ό ὼ ὼ ὼ. ɺʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʧʨʠ ὔ ρςψʪʦʯʦʢ ʢʦʣʦʢʘʮʽʾ ʪʘ 

ʧʘʨʘʤʝʪʨʽ ʚʽʜʩʪʫʧʫ Ὠ πȢυ ʘʙʩʦʣʶʪʥʘ ʧʦʭʠʙʢʘ ʥʘʙʣʠʞʝʥʥʷ ʩʷʛʘʻ ρπ.  

ɼʦʩʣʽʜʞʝʥʦ 2D ʩʧʨʷʞʝʥʫ ʟʘʜʘʯʫ, ʜʝ ʤʝʞʘ ῲ ʻ ʢʦʣʦʤ, ʘ ʟʦʚʥʽʰʥʷ ʤʝʞʘ 

ῲ ʤʘʻ ʬʦʨʤʫ çʘʨʘʭʽʩʫè. ʆʮʽʥʢʘ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʟʜʽʡʩʥʶʚʘʣʘʩʷ ʰʣʷʭʦʤ ʘʥʘʣʽʟʫ 

ʩʪʽʡʢʦʩʪʽ ‏ό ȿό όȿ. ɼʣʷ ʧʘʨʘʤʝʪʨʘ ʚʽʜʩʪʫʧʫ Ὠ πȢυ ʪʘ ὔ ςυφ 

ʧʦʭʠʙʢʘ ʩʢʣʘʣʘ ςȢυψẗρπ.  

ʊʘʙʣ. 1. ɿʙʽʞʥʽʩʪʴ ʨʦʟʚ'ʷʟʢʫ ʫ ʪʦʯʮʽ P(1.0, 1.0) ʧʨʠ  

ʧʦʜʚʦʻʥʥʽ ʢʽʣʴʢʦʩʪʽ ʪʦʯʦʢ ʢʦʣʦʢʘʮʽʾ 

 
ʅʘʡʚʘʞʣʠʚʽʰʠʤ ʝʪʘʧʦʤ ʩʪʘʣʦ ʤʦʜʝʣʶʚʘʥʥʷ ʩʧʨʷʞʝʥʦʾ ʟʘʜʘʯʽ ʫ 

ʧʨʦʩʪʦʨʽ Ὑ. ɺʥʫʪʨʽʰʥʷ ʦʙʣʘʩʪʴ Ὀ ʤʘʣʘ ʬʦʨʤʫ ʪʨʠʚʠʤʽʨʥʦʛʦ ʦʚʘʣʫ ʂʘʩʩʽʥʽ, ʘ 

ʟʦʚʥʽʰʥʷ Ὀ ʦʙʤʝʞʫʚʘʣʘʩʴ ʧʦʚʝʨʭʥʝʶ ʘʩʪʨʦʾʜʠ. ɹʝʟ ʛʝʥʝʨʫʚʘʥʥʷ ʩʽʪʢʠ ʚʜʘʣʦʩʷ 

ʨʦʟʚ'ʷʟʘʪʠ ʉʃɸʈ ʨʦʟʤʽʨʥʽʩʪʶ ʧʦʥʘʜ 12 000 ʥʝʚʽʜʦʤʠʭ, ʜʦʩʷʛʥʫʚʰʠ ʧʦʭʠʙʢʠ 

ʯʠʩʝʣʴʥʦʾ ʩʪʘʙʽʣʽʟʘʮʽʾ ρȢςρẗρπȢ  
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ʈʠʩ. 1. ɺʽʟʫʘʣʽʟʘʮʽʷ ʤʘʪʝʤʘʪʠʯʥʦʾ ʤʦʜʝʣʽ. 

 

ʈʠʩ. 2. ʈʦʟʧʦʜʽʣ ʧʦʪʝʥʮʽʘʣʫ ʫ ʧʣʦʱʠʥʽ ʧʝʨʝʨʽʟʫ ὼ π  

(ʚʽʟʫʘʣʽʟʘʮʽʷ ʥʝʧʝʨʝʨʚʥʦʩʪʽ ʨʦʟʚ'ʷʟʢʫ) 

ɺʽʟʫʘʣʽʟʘʮʽʷ ʧʽʜʪʚʝʨʜʠʣʘ ʚʽʜʩʫʪʥʽʩʪʴ ʙʫʜʴ-ʷʢʠʭ ʨʦʟʨʠʚʽʚ ʨʦʟʚ'ʷʟʢʫ ʧʨʠ 

ʧʝʨʝʭʦʜʽ ʯʝʨʝʟ ʤʝʞʫ ʧʦʜʽʣʫ ʩʝʨʝʜʦʚʠʱ, ʱʦ ʧʦʢʘʟʫʻ ʪʦʯʥʝ ʚʠʢʦʥʘʥʥʷ ʫʤʦʚ 

ʢʦʥʪʘʢʪʫ.   

ɺʠʩʥʦʚʢʠ  

ɺʠʷʚʣʝʥʦ, ʱʦ ʄʌʈ ʻ ʥʘʜʟʚʠʯʘʡʥʦ ʝʬʝʢʪʠʚʥʠʤ ʙʝʟʩʽʪʢʦʚʠʤ ʧʽʜʭʦʜʦʤ 

ʜʣʷ 2D ʪʘ 3D ʦʙʣʘʩʪʝʡ ʟʽ ʩʢʣʘʜʥʦʶ ʢʨʠʚʠʟʥʦʶ ʤʝʞ, ʜʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʩʽʪʢʦʚʠʭ 

ʤʝʪʦʜʽʚ ʻ ʫʩʢʣʘʜʥʝʥʠʤ. ɼʦʩʷʛʥʫʪʦ ʚʠʩʦʢʦʾ ʘʣʛʝʙʨʘʾʯʥʦʾ ʪʦʯʥʦʩʪʽ (ρπ) . 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Kupradze V.D. The method of functional equations for the approximate 

solution of certain boundary value problems / V.D. Kupradze, M.A. 

Aleksidze // Comput. Math. Math. Phys.ï 1964.ï ʊʦʤ. 4.ï ʉ. 633-725. 

2. Kupradze V.D. A method for the approximate solution of limiting problems 

in mathematical physics / V.D. Kupradze // Comput. Math. Math. Phys.ï 

1964.ï ʊʦʤ. 4.ï ʉ. 199-205. 
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3. Fairweather G. The method of fundamental solutions for elliptic boundary 

value problems / G. Fairweather, A. Karageorghis // Adv. Comput. Math.ï 

1998.ï ʊʦʤ. 9.ï ʉ. 69-95. 

4. Borachok I. A method of fundamental solutions for heat and wave 

propagation from lateral Cauchy data / I. Borachok, R. Chapko, B.T. 

Johansson // Numer. Algorithms.ï 2022.ï ʊʦʤ. 89.ï ʉ. 431-449. 

5. Borachok I. Two-step numerical methods for a coupled parabolic-

hyperbolic transmission problem / I. Borachok, R. Chapko, L. Mindrinos // 
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ʏʀʉɽʃʔʅɽ ʈʆɿɺôʗɿʋɺɸʅʅʗ ʇʃʆʉʂʆɰ ɿɸɼɸʏɯ ʊɽʆʈɯɰ 

ʇʈʋɾʅʆʉʊɯ ʄɽʊʆɼʆʄ ʉʂɯʅʏɽʅʅʀʍ ɽʃɽʄɽʅʊɯɺ ɿ 

ɺʀʂʆʈʀʉʊɸʅʅʗʄ ʄʆʈʊɸʈʅʀʍ ʌʋʅʂʎɯʁ 

ʅʘʟʘʨ ɼʠʰʢʘʥʪ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 
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ɺʩʪʫʧ 

ʄʝʪʦʜ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ʻ ʧʦʪʫʞʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʯʠʩʝʣʴʥʦʛʦ 

ʨʦʟʚôʷʟʘʥʥʷ ʰʠʨʦʢʦʛʦ ʩʧʝʢʪʨʘ ʽʥʞʝʥʝʨʥʠʭ ʟʘʜʘʯ. ʁʦʛʦ ʟʘʩʪʦʩʦʚʫʶʪʴ ʜʣʷ 

ʘʥʘʣʽʟʫ ʜʝʬʦʨʤʘʮʽʡ ʽ ʥʘʧʨʫʞʝʥʴ ʫ ʢʦʥʩʪʨʫʢʮʽʷʭ ʘʚʪʦʤʦʙʽʣʽʚ, ʣʽʪʘʢʽʚ, ʙʫʜʽʚʝʣʴ 

ʽ ʤʦʩʪʽʚ, ʘ ʪʘʢʦʞ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ ʪʝʧʣʦʚʠʭ ʧʨʦʮʝʩʽʚ, ʪʝʯʽʡ ʨʽʜʠʥʠ, ʤʘʛʥʽʪʥʠʭ 

ʪʘ ʬʽʣʴʪʨʘʮʽʡʥʠʭ ʧʦʣʽʚ. ɿʘʚʜʷʢʠ ʨʦʟʚʠʪʢʫ ʢʦʤʧôʶʪʝʨʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʩʢʣʘʜʥʽ 

ʟʘʜʘʯʽ ʤʦʞʥʘ ʤʦʜʝʣʶʚʘʪʠ ʱʝ ʜʦ ʩʪʚʦʨʝʥʥʷ ʧʨʦʪʦʪʠʧʫ, ʱʦ ʚʠʤʘʛʘʻ ʛʣʠʙʦʢʦʛʦ 

ʨʦʟʫʤʽʥʥʷ ʦʩʥʦʚ ʪʝʦʨʽʾ ʪʘ ʯʠʩʝʣʴʥʠʭ ʤʝʪʦʜʽʚ. 

ʋ ʤʝʪʦʜʽ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ʩʢʣʘʜʥʫ ʦʙʣʘʩʪʴ ʜʠʩʢʨʝʪʠʟʫʶʪʴ ʥʘ 

ʧʨʦʩʪʽ ʛʝʦʤʝʪʨʠʯʥʽ ʬʽʛʫʨʠ ï ʝʣʝʤʝʥʪʠ, ʚʩʝʨʝʜʠʥʽ ʷʢʠʭ ʤʘʪʝʨʽʘʣʴʥʽ ʚʣʘʩʪʠʚʦʩʪʽ 

ʽ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʚʠʨʘʞʘʶʪʴʩʷ ʯʝʨʝʟ ʟʥʘʯʝʥʥʷ ʚ ʚʫʟʣʘʭ. ʉʢʣʘʜʘʥʥʷ ʛʣʦʙʘʣʴʥʦʾ 

ʩʠʩʪʝʤʠ ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʥʘʚʘʥʪʘʞʝʥʴ ʽ ʦʙʤʝʞʝʥʴ ʜʦʟʚʦʣʷʻ ʥʘʙʣʠʞʝʥʦ ʦʧʠʩʘʪʠ 

ʧʦʚʝʜʽʥʢʫ ʢʦʥʪʠʥʫʫʤʫ. 

ʊʝʦʨʽʷ ʧʨʫʞʥʦʩʪʽ ʣʝʞʠʪʴ ʚ ʦʩʥʦʚʽ ʙʘʛʘʪʴʦʭ ʤʦʜʝʣʝʡ ʽ ʦʧʠʩʫʻ 

ʥʘʧʨʫʞʝʥʦ-ʜʝʬʦʨʤʦʚʘʥʠʡ ʩʪʘʥ ʪʽʣ ʟʘ ʜʦʧʦʤʦʛʦʶ ʟʘʢʦʥʫ ɻʫʢʘ ʪʘ ʨʽʚʥʷʥʴ 
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ʨʽʚʥʦʚʘʛʠ. ɺ ʨʘʤʢʘʭ ʮʽʻʾ ʪʝʦʨʽʾ ʣʽʥʽʡʥʦ-ʧʨʫʞʥʘ ʧʦʚʝʜʽʥʢʘ ʤʘʪʝʨʽʘʣʫ ʜʦʙʨʝ 

ʦʧʠʩʫʻʪʴʩʷ ʟʘ ʤʘʣʠʭ ʜʝʬʦʨʤʘʮʽʡ. 

ʋ ʟʘʜʘʯʘʭ ʟ ʧʦʜʽʣʦʤ ʦʙʣʘʩʪʽ ʥʘ ʧʽʜʦʙʣʘʩʪʽ ʦʩʦʙʣʠʚʦ ʢʦʨʠʩʥʠʤ ʻ ʤʝʪʦʜ 

ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ʟʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʦʨʪʘʨʥʠʭ ʬʫʥʢʮʽʡ. ɺʽʥ ʜʦʟʚʦʣʷʻ 

ʧʦʻʜʥʫʚʘʪʠ ʩʽʪʢʠ, ʷʢʽ ʥʝ ʟʙʽʛʘʶʪʴʩʷ ʥʘ ʤʝʞʽ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʫʟʛʦʜʞʝʥʽʩʪʴ 

ʨʦʟʚôʷʟʢʫ ʯʝʨʝʟ ʩʣʘʙʢʝ ʥʘʢʣʘʜʘʥʥʷ ʫʤʦʚ ʩʧʨʷʞʝʥʥʷ. ʎʝ ʨʦʙʠʪʴ ʤʝʪʦʜ 

ʝʬʝʢʪʠʚʥʠʤ ʜʣʷ ʩʢʣʘʜʥʠʭ ʛʝʦʤʝʪʨʽʡ ʪʘ ʢʦʥʪʘʢʪʥʠʭ ʟʘʜʘʯ. 

ɿʘʛʘʣʴʥʘ ʧʦʩʪʘʥʦʚʢʘ ʧʣʦʩʢʦʾ ʟʘʜʘʯʽ ʪʝʦʨʽʾ ʧʨʫʞʥʦʩʪʽ 

ʈʦʟʛʣʷʥʝʤʦ ʧʣʦʩʢʫ ʦʙʣʘʩʪʴ   ʟ ʤʝʞʝʶ ῲ ‬ . ʏʘʩʪʠʥʘ ʤʝʞʽ ῲ 

ʟʘʬʽʢʩʦʚʘʥʘ (ʧʝʨʝʤʽʱʝʥʥʷ ʜʦʨʽʚʥʶʶʪʴ ʥʫʣʶ), ʘ ʨʝʰʪʘ ʤʝʞʽ ʪʘ ʚʥʫʪʨʽʰʥʷ 

ʯʘʩʪʠʥʘ ʪʽʣʘ ʧʝʨʝʙʫʚʘʶʪʴ ʧʽʜ ʜʽʻʶ ʧʦʚʝʨʭʥʝʚʠʭ ʩʠʣ ὴ ʪʘ ʦʙôʻʤʥʠʭ ʩʠʣ Ὢ, ʱʦ 

ʩʧʨʠʯʠʥʷʶʪʴ ʜʝʬʦʨʤʘʮʽʶ ʪʽʣʘ. 

ʅʘʧʨʫʞʝʥʦ-ʜʝʬʦʨʤʦʚʘʥʠʡ ʩʪʘʥ ʪʽʣʘ   ʦʧʠʩʫʻʪʴʩʷ ʚʝʢʪʦʨʦʤ ʧʝʨʝʤʽʱʝʥʴ 

ό όȟό , ʪʝʥʟʦʨʦʤ ʜʝʬʦʨʤʘʮʽʡ Ὁ ʟ ʢʦʤʧʦʥʝʥʪʘʤʠ ‭  ʪʘ ʪʝʥʟʦʨʦʤ 

ʥʘʧʨʫʞʝʥʴ   ʟ ʢʦʤʧʦʥʝʥʪʘʤʠ „ . 

ɼʝʬʦʨʤʘʮʽʾ ʚʠʨʘʞʘʶʪʴʩʷ ʯʝʨʝʟ ʧʝʨʝʤʽʱʝʥʥʷ ʟʛʽʜʥʦ ʽʟ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤ 

ʂʦʰʽ: 

‐
ρ

ς

‬ό

‬ὼ

‬ό

‬ὼ
ȟὭȟὮ ρȟς 

ʅʘʧʨʫʞʝʥʥʷ ʚʠʨʘʞʘʶʪʴʩʷ ʯʝʨʝʟ ʜʝʬʦʨʤʘʮʽʾ ʟʛʽʜʥʦ ʽʟ ʟʘʢʦʥʦʤ ɻʫʢʘ: 

„ ‐‏‗ ςὋ‐ȟὭȟὮ ρȟς 

ʜʝ ‏  ð ʩʠʤʚʦʣ ʂʨʦʥʝʢʝʨʘ, ‗  ð ʧʝʨʰʠʡ ʧʘʨʘʤʝʪʨ ʃʷʤʝ, 

Ὃ  ð ʤʦʜʫʣʴ ʟʩʫʚʫ, Ὁ ð ʤʦʜʫʣʴ ʖʥʛʘ, ’ ð ʢʦʝʬʽʮʽʻʥʪ ʇʫʘʩʩʦʥʘ. 

ʊʘʢʦʞ ʚʠʢʦʥʫʶʪʴʩʷ ʨʽʚʥʷʥʥʷ ʨʽʚʥʦʚʘʛʠ ʪʽʣʘ: 

‬„

‬ὼ
Ὢ πȟὭ ρȟς 

ʇʽʜʩʪʘʚʣʷʶʯʠ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʂʦʰʽ ʪʘ ʟʘʢʦʥ ɻʫʢʘ, ʦʪʨʠʤʘʻʤʦ ʨʽʚʥʷʥʥʷ 

ʃʷʤʝ: 

‗ Ὃ
‬

‬ὼ

‬ό

‬ὼ
Ὃ
‬ό

‬ὼ
Ὢ πȟὭ ρȟς 

ɼʣʷ ʧʦʚʥʦʾ ʧʦʩʪʘʥʦʚʢʠ ʟʘʜʘʯʽ ʥʝʦʙʭʽʜʥʦ ʟʘʜʘʪʠ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʥʘ ʤʝʞʽ 

ῲ. ʂʽʥʝʤʘʪʠʯʥʽ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʟʘʜʘʶʪʴ ʧʝʨʝʤʽʱʝʥʥʷ ʥʘ ʯʘʩʪʠʥʽ ʤʝʞʽ ῲ: 

όὼ πȟὼɴ ῲ 

ʉʠʣʦʚʽ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʟʘʜʘʶʪʴ ʧʦʚʝʨʭʥʝʚʽ ʩʠʣʠ ʥʘ ʨʝʰʪʽ ʤʝʞʽ: 
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„ ὼὲὼ ὴὼȟὼɴ ῲ 

ʜʝ ὲ ð ʢʦʤʧʦʥʝʥʪʠ ʦʜʠʥʠʯʥʦʛʦ ʥʦʨʤʘʣʴʥʦʛʦ ʚʝʢʪʦʨʘ ὲᴆ ʜʦ ʧʦʚʝʨʭʥʽ ʚ 

ʪʦʯʮʽ ὼ. 

ɿʘ ʜʦʧʦʤʦʛʦʶ ʩʧʽʚʚʽʜʥʦʰʝʥʴ ʂʦʰʽ ʪʘ ʟʘʢʦʥʫ ɻʫʢʘ ʮʽ ʫʤʦʚʠ ʤʦʞʥʘ 

ʧʝʨʝʧʠʩʘʪʠ ʯʝʨʝʟ ʚʝʢʪʦʨ ʧʝʨʝʤʽʱʝʥʴ: 

‏‗
‬ό

‬ὼ
Ὃ
‬ό

‬ὼ

‬ό

‬ὼ
ὲ ὴȟὭ ρȟς 

ʊʘʢʠʤ ʯʠʥʦʤ, ʧʦʚʥʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ ʚʢʣʶʯʘʻ ʨʽʚʥʷʥʥʷ ʃʷʤʝ ʚ ʦʙʣʘʩʪʽ 

 , ʢʽʥʝʤʘʪʠʯʥʽ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʥʘ ῲ ʪʘ ʩʪʘʪʠʯʥʽ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ʥʘ ῲ. 

‗ Ὃ
‬

‬ὼ

‬ό

‬ὼ
Ὃ
‬ό

‬ὼ
Ὢ πȟὭ ρȟς 

όὼ πȟὼɴ ῲ 

‏‗
‬ό

‬ὼ
Ὃ
‬ό

‬ὼ

‬ό

‬ὼ
ὲ ὴȟὭ ρȟς 

ɺʘʨʽʘʮʽʡʥʘ ʧʦʩʪʘʥʦʚʢʘ ʧʣʦʩʢʦʾ ʟʘʜʘʯʽ ʪʝʦʨʽʾ ʧʨʫʞʥʦʩʪʽ 

„‐Ὠ  ὴὺὨῲ ὪὺὨ  

ɸʧʨʦʢʩʠʤʘʮʽʷ ʧʝʨʝʤʽʱʝʥʴ 

ʋ ʤʝʪʦʜʽ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ʧʦʣʝ ʧʝʨʝʤʽʱʝʥʴ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʯʝʨʝʟ 

ʙʘʟʠʩʥʽ ʬʫʥʢʮʽʾ ʬʦʨʤʠ: 

όὼ ὔ ὼό  

ʋ ʤʘʪʨʠʯʥʦʤʫ ʚʠʛʣʷʜʽ: 

ό ὔὨ 

ʜʝ Ὠ ð ʚʝʢʪʦʨ ʚʫʟʣʦʚʠʭ ʧʝʨʝʤʽʱʝʥʴ. 

ɼʝʬʦʨʤʘʮʽʾ ʚʠʟʥʘʯʘʶʪʴʩʷ ʯʝʨʝʟ ʦʧʝʨʘʪʦʨ ʧʦʭʽʜʥʠʭ: 

‐ ὄὨ 

ʅʘʧʨʫʞʝʥʥʷ ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʟʘʢʦʥʦʤ ɻʫʢʘ: 

„ Ὀ‐ ὈὄὨ 

ʄʘʪʨʠʮʷ ʬʫʥʢʮʽʡ ʬʦʨʤʠ: 

ὔ
ὔπỄὔπ
πὔỄπὔ
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ʄʘʪʨʠʮʷ ʜʝʬʦʨʤʘʮʽʡ: 

ὄ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
‬ὔ

‬ὼ
πỄ
‬ὔ

‬ὼ
π

π
‬ὔ

‬ώ
Ễπ
‬ὔ

‬ώ
‬ὔ

‬ώ

‬ὔ

‬ὼ
Ễ
‬ὔ

‬ώ

‬ὔ

‬ὼỨ
ủ
ủ
ủ
ủ
ủ
Ủ

 

ɼʣʷ ʧʣʦʩʢʦʛʦ ʥʘʧʨʫʞʝʥʦʛʦ ʩʪʘʥʫ: 

Ὀ
Ὁ

ρ ’

ρ’π
’ρπ

ππ
ρ ’

ς

 

ɻʣʦʙʘʣʴʥʘ ʩʠʩʪʝʤʘ 

ɻʣʦʙʘʣʴʥʽ ʤʘʪʨʠʮʽ ʬʦʨʤʫʶʪʴʩʷ ʷʢ ʩʫʤʘ ʧʦ ʝʣʝʤʝʥʪʘʭ: 

ὑ ὑȟὊ Ὂ  

ɽʣʝʤʝʥʪʥʘ ʤʘʪʨʠʮʷ ʞʦʨʩʪʢʦʩʪʽ ʦʙʯʠʩʣʶʻʪʴʩʷ ʯʠʩʝʣʴʥʠʤ 

ʽʥʪʝʛʨʫʚʘʥʥʷʤ: 

ὑ ὄὈὄȿὐȿύ  

ʋ ʜʚʦʚʠʤʽʨʥʦʤʫ ʚʠʧʘʜʢʫ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʚʦʢʨʘʪʥʘ ʢʚʘʜʨʘʪʫʨʘ, ʦʜʥʘʢ 

ʟʘʟʚʠʯʘʡ ʾʾ ʟʘʧʠʩʫʶʪʴ ʦʜʥʠʤ ʽʥʜʝʢʩʦʤ Ὣ. 

Ὂ ὔὪȿὐȿύ ὔὴȿὐȿύ  

ʜʝ Ὢ ð ʦʙôʻʤʥʽ ʩʠʣʠ; ὴ ð ʧʦʚʝʨʭʥʝʚʽ ʥʘʚʘʥʪʘʞʝʥʥʷ. 

ʄʦʨʪʘʨʥʽ ʬʫʥʢʮʽʾ 

ɿʘʤʽʩʪʴ ʩʠʣʴʥʦʾ ʫʤʦʚʠ ʥʝʧʝʨʝʨʚʥʦʩʪʽ ό  ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʩʣʘʙʢʘ 

ʬʦʨʤʘ: 

‗ẗ 

ʜʝ ‗ ð ʤʥʦʞʥʠʢʠ ʃʘʛʨʘʥʞʘ (ʤʦʨʪʘʨʥʽ); ῲ  ð ʤʝʞʘ  ʤʽʞ ʧʽʜʦʙʣʘʩʪʷʤʠ. 

ὓ‌  
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ʄʘʪʨʠʮʽ ʟʚôʷʟʢʫ 

Ὃ ὓ ὔ Ὠῲ 

ɿʤʽʰʘʥʘ ʩʠʩʪʝʤʘ 

ʆʪʨʠʤʫʻʤʦ ʩʽʜʣʦʚʫ ʩʠʩʪʝʤʫ: 

 

ʜʝ Ὠȟ  ð ʧʝʨʝʤʽʱʝʥʥʷ ʚ ʧʽʜʦʙʣʘʩʪʷʭ; ‌ ð ʢʦʝʬʽʮʽʻʥʪʠ ʤʥʦʞʥʠʢʽʚ 

ʃʘʛʨʘʥʞʘ; Ὃ  ð ʤʘʪʨʠʮʽ ʟʚôʷʟʢʫ ʤʽʞ ʩʽʪʢʘʤʠ (ʧʨʦʻʢʮʽʷ). 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Zienkiewicz O.C. The Finite Element Method / O.C. Zienkiewicz, R.L. Taylor. 

ï Oxford: Butterworth-Heinemann, 2000. 

2. Chandrupatla T.R. Introduction to Finite Elements in Engineering / T.R. 

Chandrupatla, A.D. Belegundu. ï 4th ed. ï Pearson, 2012. 

3. Segerlind L.J. Applied Finite Element Analysis / L.J. Segerlind. ï New York: 

Wiley, 1984. 

4. Belgacem F.B. The Mortar Finite Element Method in 2D: Implementation in 

MATLAB ï 2001. 

5. Timoshenko S. Theory of Elasticity / S. Timoshenko, J.N. Goodier. ï 3rd ed. ï 

New York: McGraw-Hill, 1970. 

 

ʏʀʉɽʃʔʅɽ ʈʆɿɺôʗɿʋɺɸʅʅʗ 

ʆɹɽʈʅɽʅʆɰ ɿɸɼɸʏɯ ʈʆɹɯʅɸ ɼʃʗ ʈɯɺʅʗʅʅʗ ʃɸʇʃɸʉɸ 

ʉʘʚʝʣʶʢ ʗʨʦʩʣʘʚ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ  

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

e-mail: yaroslav.saveliuk@lnu.edu.ua 

ɺʩʪʫʧ 

ɿʘʜʘʯʽ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʛʨʘʥʠʮʴ ʪʘ ʢʦʝʬʽʮʽʻʥʪʽʚ ʫ ʢʨʘʡʦʚʠʭ ʟʘʜʘʯʘʭ ʜʣʷ 

ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ ʤʘʶʪʴ ʰʠʨʦʢʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʫ ʤʘʪʝʤʘʪʠʯʥʽʡ ʬʽʟʠʮʽ, ʟʘʜʘʯʘʭ 

ʪʝʧʣʦʧʨʦʚʽʜʥʦʩʪʽ ʪʘ ʘʢʫʩʪʠʢʠ. 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʥʫʪʘ ʧʨʷʤʘ ʤʽʰʘʥʘ ʟʘʜʘʯʘ ʅʝʡʤʘʥʘ-ʈʦʙʽʥʘ: 
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ừ
Ử
Ừ

Ử
ứ

Ўό πὈ̃ȟ
‬ό

‬’
Ὣ̎ ῲ́ȟ

‬ό

‬’
‌ό π̎ῲ́ȟ

 

ʜʝ Ὀ ὈὈȟ̏ ̨̂̌́̒̓ὈȟὈ ʦʙʤʝʞʝʥʽ ʢʨʠʚʠʤʠ ῲȟῲȟὫᶰὅῲȟ‌ᶰὅῲȟ‌

π ï ʟʘʜʘʥʽ ʬʫʥʢʮʽʾ, ’ ïʦʜʠʥʠʯʥʠʡ ʚʝʢʪʦʨ ʟʦʚʥʽʰʥʴʦʾ ʥʦʨʤʘʣʽ. 

 

 
ʈʠʩ.1. ɺʠʛʣʷʜ ʦʙʣʘʩʪʽ D 

ɿʦʢʨʝʤʘ ʥʘʩ ʮʽʢʘʚʠʪʴ ʚʽʜʰʫʢʘʥʥʷ ʜʘʥʠʭ ʂʦʰʽ ʥʘ ʦʙʠʜʚʦʭ ʛʨʘʥʠʮʷʭ. 

ʆʙʝʨʥʝʥʘ ʟʘʜʘʯʘ ʧʦʣʷʛʘʻ ʫ ʟʥʘʭʦʜʞʝʥʥʷ ʢʦʝʬʽʮʽʻʥʪʘ ‌ ʚ ʫʤʦʚʽ ʈʦʙʽʥʘ 

ʟʘ ʚʽʜʦʤʠʤʠ ʜʘʥʠʤʠ ʂʦʰʽ ʥʘ ῲ. 

ʏʠʩʝʣʴʥʝ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʧʨʷʤʦʾ ʟʘʜʘʯʽ 

ɼʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʧʨʷʤʦʾ ʟʘʜʘʯʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʤʝʤʦ ʤʝʪʦʜ ʛʨʘʥʠʯʥʠʭ 

ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ (ʤʝʪʦʜ ʧʦʪʝʥʮʽʘʣʽʚ). 

ɿʦʙʨʘʟʠʤʦ ʨʦʟʚôʷʟʦʢ ʟʘʜʘʯʽ ʷʢ ʩʫʤʫ ʧʦʪʝʥʮʽʘʣʽʚ ʧʨʦʩʪʦʛʦ ʰʘʨʫ: 

όὼ • ώ ὼȟώὨίώ • ώ ὼȟώὨίώȟ 

ʜʝ   ï ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʨʦʟʚôʷʟʦʢ ʜʣʷ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ, •ȟ•  ï ʥʝʚʽʜʦʤʽ 

ʛʫʩʪʠʥʠ. ɺʨʘʭʦʚʫʶʯʠ ʚʣʘʩʪʠʚʦʩʪʽ ʧʦʪʝʥʮʽʘʣʽʚ, ʟ ʢʨʘʡʦʚʠʭ ʫʤʦʚ ʦʪʨʠʤʫʻʤʦ 

ʩʠʩʪʝʤʫ ɯʈ: 

ừ
Ử
Ừ

Ử
ứ ρ

ς
• ὼ • ώ

‬ ὼȟώ

‬’ὼ
Ὠίώ Ὣὼȟὼɴ ῲȟ

ρ

ς
• ὼ • ώ

‬ ὼȟώ

‬’ὼ
‌ὼ ὼȟώ Ὠίώ πȟὼɴ ῲȢ

 

ʅʝʭʘʡ ῲ ὼὸ ὼ ὸȟὼ ὸȟὸɴ πȟς“ ȟὭ ρȟςȢ ʊʦʜʽ ʩʠʩʪʝʤʘ ɯʈ ʤʘʻ 

ʥʘʩʪʫʧʥʠʡ ʚʠʛʣʷʜ: 
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ừ
Ử
Ừ

Ử
ứρ

ς
‘ ὸ

ρ

ς“
‘†ὑ ὸȟ†Ὠ† Ὣͯὸȟὸɴ πȟς“ȟ

ρ

ς
‘ ὼ

ρ

ς“
‘†ὑ ὸȟ†Ὠ† πȟ

 

ʜʝ ‘ὸ • ὼὸȟὫͯὸ Ὣὼ ὸȟὑ ̨̨̠̝̖̅̑́̎̓̆̄̑́̌̎̉̏̐̆̑́̓̏̑̃Ȣ 

ʇʽʩʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʚʠʛʣʷʜʫ ʷʜʝʨ ʽʥʪʝʛʨʘʣʴʥʠʭ ʦʧʝʨʘʪʦʨʽʚ, ʟʘʩʪʦʩʫʻʤʦ ʤʝʪʦʜ 

ʅʠʩʪʨʴʦʤʘ ʽʟ ʢʚʘʜʨʘʪʫʨʦʶ ʪʨʘʧʝʮʽʡ, ʜʠʩʢʨʝʪʠʟʫʻʤʦ ʩʠʩʪʝʤʫ ʽʥʪʝʛʨʘʣʴʥʠʭ 

ʨʽʚʥʷʥʴ ʪʘ ʦʪʨʠʤʫʻʤʦ ʩʠʩʪʝʤʫ ʣʽʥʽʡʥʠʭ ʨʽʚʥʷʥʴ ʜʣʷ 2n ʥʝʚʽʜʦʤʠʭ, ʜʝ n ï 

ʧʘʨʘʤʝʪʨ ʜʠʩʢʨʝʪʠʟʘʮʽʾ. ʈʦʟʚôʷʟʘʚʰʠ ʜʘʥʫ ʩʠʩʪʝʤʫ, ʟʥʘʡʜʝʤʦ ʥʘʙʣʠʞʝʥʥʷ ʜʣʷ 

ʛʫʩʪʠʥ, ʧʽʜʩʪʘʚʠʚʰʠ ʷʢʽ ʫ ʧʦʜʘʥʥʷ ʨʦʟʚôʷʟʢʫ, ʤʦʞʥʘ ʦʙʯʠʩʣʠʪʠ ʥʘʙʣʠʞʝʥʝ 

ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ u ʚ ʦʙʣʘʩʪʽ. 

ɼʣʷ ʥʘʙʣʠʞʝʥʥʷ ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ ʪʘ ʾʾ ʥʦʨʤʘʣʴʥʦʾ ʧʦʭʽʜʥʦʾ (ʜʘʥʽ ʂʦʰʽ) ʥʘ 

ʤʝʞʽ ʧʦʪʨʽʙʥʦ ʤʦʜʠʬʽʢʫʚʘʪʠ ʷʜʨʘ ʽʥʪʝʛʨʘʣʴʥʠʭ ʦʧʝʨʘʪʦʨʽʚ ʫ ʧʦʜʘʥʥʽ ʨʦʟʚôʷʟʢʫ 

ʽʟ ʚʨʘʭʫʚʘʥʥʷʤ ʩʣʘʙʢʦʾ ʩʠʥʛʫʣʷʨʥʦʩʪʽ. 

ʏʠʩʝʣʴʥʝ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʦʙʝʨʥʝʥʦʾ ʟʘʜʘʯʽ ʈʦʙʽʥʘ 

ɺʽʜʦʤʦ, ʱʦ ʮʷ ʟʘʜʘʯʘ ʥʝʢʦʨʝʢʪʥʘ, ʘ ʩʘʤʝ ʧʦʨʫʰʫʻʪʴʩʷ ʫʤʦʚʘ ʩʪʽʡʢʦʩʪʽ 

ʨʦʟʚôʷʟʢʫ ï ʽʟ ʤʘʣʦʶ ʟʤʽʥʦʶ ʘʨʛʫʤʝʥʪʫ, ʰʫʢʘʥʘ ʬʫʥʢʮʽʷ ʩʠʣʴʥʦ ʟʤʽʥʶʻʪʴʩʷ. 

ʂʨʘʡʦʚʘ ʫʤʦʚʘ ʈʦʙʽʥʘ ʥʘ ῲ ʫ ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʽʡ ʬʦʨʤʽ ʤʘʻ ʚʠʛʣʷʜ: 

‌ͯὸόͯὸ
‬όͯ

‬’
ὸ πȟὸɴ πȟς“Ȣ 

ʐʫʢʘʻʤʦ ʥʘʙʣʠʞʝʥʥʷ ‌ͯ ʤʝʪʦʜʦʤ ʢʦʣʦʢʘʮʽʾ: 

‌ͯὸ ὥὰὸȟ 

ʜʝ ὰ ï ʪʨʠʛʦʥʦʤʝʪʨʠʯʥʠʡ ʙʘʟʠʩ. 

ɼʦ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʦʪʨʠʤʫʻʤʦ ʧʝʨʝʚʠʟʥʘʯʝʥʫ ʩʠʩʪʝʤʫ ʣʽʥʽʡʥʠʭ ʨʽʚʥʷʥʴ: 

ὥὰὸόͯὸ
‬όͯ

‬’
ὸȟὭ πȟςὲ ρȟςὲ άȢ 

ɼʣʷ ʦʪʨʠʤʘʥʥʷ ʩʪʽʡʢʦʛʦ ʨʦʟʚôʷʟʢʫ ʚʠʢʦʨʠʩʪʦʚʫʻʤʦ ʤʝʪʦʜ ʥʘʡʤʝʥʰʠʭ 

ʢʚʘʜʨʘʪʽʚ ʟ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ ʊʽʭʦʥʦʚʘ. 

ʇʨʦʚʝʜʝʥʽ ʯʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʽʜʚʝʨʜʞʫʶʪʴ ʟʘʩʪʦʩʦʚʥʽʩʪʴ ʜʘʥʦʛʦ ʧʽʜʭʦʜʫ 

ʪʘ ʡʦʛʦ ʝʬʝʢʪʠʚʥʽʩʪʴ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Kress R. Linear Integral Equations. Springer. Third Edition, 2014. 
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2. Trefethen L. N., Weideman J. A. C. The exponentially convergent trapezoidal rule. 

SIAM Review. Volume 56, 2014, p. 385-458.  

 

ʏʀʉɽʃʔʅɽ ʄʆɼɽʃʖɺɸʅʅʗ COVID-19 ɿɸ ɼʆʇʆʄʆɻʆʖ SIRD-

ʄʆɼɽʃɯ ɯɿ ɿɸʇɯɿʅɽʅʅʗʄ 

ɸʥʘʩʪʘʩʽʷ ʌʽʛʘʩ 
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ɺʩʪʫʧ ʪʘ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʄʘʪʝʤʘʪʠʯʥʝ ʤʦʜʝʣʶʚʘʥʥʷ ʝʧʽʜʝʤʽʯʥʠʭ ʧʨʦʮʝʩʽʚ ʻ ʚʘʞʣʠʚʠʤ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʜʠʥʘʤʽʢʠ ʧʦʰʠʨʝʥʥʷ ʽʥʬʝʢʮʽʡʥʠʭ 

ʟʘʭʚʦʨʶʚʘʥʴ ʪʘ ʨʦʟʨʦʙʢʠ ʝʬʝʢʪʠʚʥʠʭ ʩʪʨʘʪʝʛʽʡ ʢʦʥʪʨʦʣʶ. ʂʣʘʩʠʯʥʽ SIRD-

ʤʦʜʝʣʽ ʥʝ ʚʨʘʭʦʚʫʶʪʴ ʯʘʩʦʚʽ ʟʘʧʽʟʥʝʥʥʷ ʤʽʞ ʩʪʘʜʽʷʤʠ ʟʘʭʚʦʨʶʚʘʥʥʷ, ʱʦ 

ʩʫʪʪʻʚʦ ʩʧʨʦʱʫʻ ʨʝʘʣʴʥʫ ʜʠʥʘʤʽʢʫ ʝʧʽʜʝʤʽʯʥʦʛʦ ʧʨʦʮʝʩʫ. 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʤʦʜʠʬʽʢʦʚʘʥʘ ὛὍὙὈ-ʤʦʜʝʣʴ ʽʟ 

ʟʘʧʽʟʥʝʥʥʷʤ, ʱʦ ʟʘʧʨʦʧʦʥʦʚʘʥʘ ʫ ʨʦʙʦʪʽ([1]), ʷʢʘ ʜʽʣʠʪʴ ʧʦʧʫʣʷʮʽʶ ʥʘ ʯʦʪʠʨʠ 

ʢʦʤʧʘʨʪʤʝʥʪʠ: Ὓὸ ð ʩʧʨʠʡʥʷʪʣʠʚʽ, Ὅὸ ð ʽʥʬʽʢʦʚʘʥʽ, R(t) ð ʦʜʫʞʘʣʽ, Ὀὸ 

ð ʧʦʤʝʨʣʽ. ʅʘʩʝʣʝʥʥʷ ʥʦʨʤʦʚʘʥʦ: Ὓ Ὅ Ὑ Ὀ. 

ʎʷ ʤʦʜʝʣʴ ʚʨʘʭʦʚʫʻ ʽʥʢʫʙʘʮʽʡʥʠʡ ʧʝʨʽʦʜ ʟʘʭʚʦʨʶʚʘʥʥʷ, ʘ ʪʘʢʦʞ ʯʘʩʦʚʽ 

ʟʘʧʽʟʥʝʥʥʷ ʤʽʞ ʽʥʬʽʢʫʚʘʥʥʷʤ ʪʘ ʧʝʨʝʭʦʜʦʤ ʜʦ ʢʣʘʩʫ ʦʜʫʞʘʣʠʭ, ʜʝ † ð 

ʽʥʢʫʙʘʮʽʡʥʠʡ ʧʝʨʽʦʜ, † ð ʯʘʩ ʜʦ ʦʜʫʞʘʥʥʷ, † ð ʯʘʩ ʜʦ ʩʤʝʨʪʽ. ʇʘʨʘʤʝʪʨ ‍ 

ʦʧʠʩʫʻ ʽʥʪʝʥʩʠʚʥʽʩʪʴ ʧʝʨʝʜʘʯʽ ʽʥʬʝʢʮʽʾ, ‎ ð ʰʚʠʜʢʽʩʪʴ ʦʜʫʞʘʥʥʷ, ‘ ð 

ʢʦʝʬʽʮʽʻʥʪ ʩʤʝʨʪʥʦʩʪʽ. ʌʫʥʢʮʽʷ ʍʝʚʽʩʘʡʜʘ Ὄὸ †  ʛʘʨʘʥʪʫʻ ʥʫʣʴʦʚʫ 

ʽʥʪʝʥʩʠʚʥʽʩʪʴ ʟʘʨʘʞʝʥʥʷ ʜʦ ʟʘʢʽʥʯʝʥʥʷ ʽʥʢʫʙʘʮʽʡʥʦʛʦ ʧʝʨʽʦʜʫ: 

ừ
Ử
Ừ

Ử
ứ Ὓȕὸ ‍ὛὸὍὸ †Ὄὸ †

Ὅȕὸ ‍ὛὸὍὸ †Ὄὸ † ‎Ὓȕὸ † ‘Ὓȕὸ †

Ὑȕὸ ‎Ὓȕὸ †

Ὀȕὸ ‘Ὓȕὸ †

(1) 

ɿ ʟʘʜʘʥʠʤʠ ʧʦʯʘʪʢʦʚʠʤʠ ʫʤʦʚʘʤʠ ʥʘ ʧʨʦʤʽʞʢʫ ʟʘʧʽʟʥʝʥʥʷ: 

 Ὓὸ ‰ ὸ Ὓᶰὅ † ȟπȟὸɴ άὥὼ†ȟ† ȟπ; 

Ὅὸ ‰ ὸ Ὅᶰὅ † ȟπȟὸɴ άὥὼ† †ȟ† † ȟπ; 
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ʗʢʽʩʥʠʡ ʘʥʘʣʽʟ ʜʠʥʘʤʽʯʥʦʾ ʩʠʩʪʝʤʠ. 

ɺʩʪʘʥʦʚʣʝʥʦ ʽʩʥʫʚʘʥʥʷ ʜʚʦʭ ʪʦʯʦʢ ʨʽʚʥʦʚʘʛʠ ʜʣʷ SIRD-ʤʦʜʝʣʽ (1) ʽʟ 
ʟʘʧʽʟʥʝʥʥʷ: 

1.ʊʦʯʢʠ ʨʽʚʥʦʚʘʛʠ ʙʝʟ ʟʘʭʚʦʨʶʚʘʥʥʷ: Ὡ ὛȟπȟὙ ȟὈ  ; 

2.ɽʥʜʝʤʽʯʥʦʾ ʪʦʯʢʠ ʨʽʚʥʦʚʘʛʠ: Ὡ πȟὍȟὙ ȟὈ  ; 

ɿʘʟʥʘʯʠʤʦ, ʱʦ ʢʣʘʩʠʯʥʘ SIRD-ʤʦʜʝʣʴ ʙʝʟ ʟʘʧʽʟʥʝʥʴ ʥʝ ʤʘʻ ʝʥʜʝʤʽʯʥʦʾ ʪʦʯʢʠ 

ʨʽʚʥʦʚʘʛʠ ʚʥʘʩʣʽʜʦʢ ʚʽʜʩʫʪʥʦʩʪʽ ʜʝʤʦʛʨʘʬʽʯʥʦʛʦ ʧʨʠʪʦʢʫ ʥʘʩʝʣʝʥʥʷ. 

ɹʘʟʦʚʝ ʨʝʧʨʦʜʫʢʪʠʚʥʝ ʯʠʩʣʦ. ɿ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘʙʣʠʞʝʥʥʷ Ὅὸ †
ὍὸὩ  ʪʘ ʤʝʪʦʜʫ ʤʘʪʨʠʮʴ ʥʘʩʪʫʧʥʦʛʦ ʧʦʢʦʣʽʥʥʷ ([2]) ʦʙʯʠʩʣʝʥʦ ʙʘʟʦʚʝ 

ʨʝʧʨʦʜʫʢʪʠʚʥʝ ʯʠʩʣʦ ʽʟ ʚʨʘʭʫʚʘʥʥʷʤ ʯʘʩʦʚʠʭ ʟʘʧʽʟʥʝʥʴ Ὑ

‍Ὓ Ὡ ‎Ὡ ‘Ὡ ,‗ð ʧʦʢʘʟʥʠʢ ʨʦʩʪʫ ʽʥʬʝʢʮʽʾ. ʇʨʠ † π 

ʦʪʨʠʤʫʻʤʦ ʢʣʘʩʠʯʥʫ ʬʦʨʤʫʣʫ Ὑ ‍Ὓ ‎ ‘ϳ . 

ʊʝʦʨʝʤʘ 1. ʇʨʠ Ὑ ρ ʪʦʯʢʘ ʨʽʚʥʦʚʘʛʠ ʙʝʟ ʭʚʦʨʦʙʠ Ὡ ʻ ʩʪʽʡʢʦʶ; ʧʨʠ Ὑ
ρ  ð  ʥʝʩʪʽʡʢʦʶ. 

ɼʦʚʝʜʝʥʥʷ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʘʥʘʣʽʟʽ ʚʣʘʩʥʠʭ ʟʥʘʯʝʥʴ ʣʽʥʝʘʨʠʟʦʚʘʥʦʾ ʩʠʩʪʝʤʠ. ɼʣʷ 

ʤʦʜʝʣʽ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤʠ ʩʪʽʡʢʽʩʪʴ ʜʦʚʦʜʠʪʴʩʷ ʤʝʪʦʜʦʤ ʚʽʜ ʩʫʧʨʦʪʠʚʥʦʛʦ ʽʟ 

ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʥʝʨʽʚʥʦʩʪʽ ʪʨʠʢʫʪʥʠʢʘ. 

ʊʝʦʨʝʤʘ 2. ʇʨʠ Ὑ ρ  ʝʥʜʝʤʽʯʥʘ ʪʦʯʢʘ Ὡ  ̒  ʩʪʽʡʢʦʶ; ʧʨʠ Ὑ ρ ðʥʝʩʪʽʡʢʦʶ 
ʜʣʷ SIRD-ʤʦʜʝʣʽ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤ(1). 

ɼʦʚʝʜʝʥʥʷ ʧʨʦʚʦʜʠʪʴʩʷ ʤʝʪʦʜʦʤ ʣʽʥʝʘʨʠʟʘʮʽʾ ʩʠʩʪʝʤʠ ʚ ʦʢʦʣʽ ʪʦʯʢʠ ʨʽʚʥʦʚʘʛʠ 

Ὡ. 

ɼʦʜʘʪʢʦʚʦ ʜʦʚʝʜʝʥʦ ʽʩʥʫʚʘʥʥʷ ʪʨʘʥʩʢʨʠʪʠʯʥʦʾ ʙʽʬʫʨʢʘʮʽʾ ʧʨʠ Ὑ ρ  h ʣʷʭʦʤ 
ʧʝʨʝʚʽʨʢʠ ʫʤʦʚ ʪʝʦʨʝʤʠ ʉʦʪʦʤʘʡʦʨʘ ([5]) .  

ɼʦʚʝʜʝʥʦ ʽʥʚʘʨʽʘʥʪʥʽʩʪʴ ʜʦʜʘʪʥʦʾ ʬʘʟʦʚʦʾ ʦʙʣʘʩʪʽ ʪʘ ʛʣʦʙʘʣʴʥʫ ʦʙʤʝʞʝʥʽʩʪʴ 

ʨʦʟʚôʷʟʢʽʚ: π ὛȟὍȟὙȟὈ ὔπ   ʜʣʷ ʚʩʽʭ ὸ π. 

ʆʧʪʠʤʘʣʴʥʝ ʢʝʨʫʚʘʥʥʷ 

ʈʦʟʛʣʷʜʘʻʪʴʩʷ ʟʘʜʘʯʘ ʦʧʪʠʤʘʣʴʥʦʛʦ ʢʝʨʫʚʘʥʥʷ ʜʣʷ SIRD-ʤʦʜʝʣʽ ʽʟ 

ʟʘʧʽʟʥʝʥʥʷʤ(1):

ừ
Ử
Ừ

Ử
ứ Ὓȕὸ ρ ὺ ‍ὛὸὍὸ †Ὄὸ † ὺὛὸ

Ὅȕὸ ρ ὺ ‍ὛὸὍὸ †Ὄὸ † ‎Ὓȕὸ † ‘Ὓȕὸ † ὺὍὸ

Ὑȕὸ ‎Ὓȕὸ † ὺὍὸ ὺὍὸς

Ὀȕὸ ‘Ὓȕὸ †
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ɺʚʝʜʝʥʦ ʪʨʠ ʢʝʨʫʶʯʽ ʚʧʣʠʚʠ ὺ ὸȟὺ ὸȟὺ ὸᶰπȟρ: ʚʘʢʮʠʥʘʮʽʷ, 

ʢʘʨʘʥʪʠʥʥʽ ʟʘʭʦʜʠ ʪʘ ʪʝʩʪʫʚʘʥʥʷ ʡ ʣʽʢʫʚʘʥʥʷ ʽʥʬʽʢʦʚʘʥʠʭ ʚʽʜʧʦʚʽʜʥʦ. 

ʄʽʥʽʤʽʟʫʻʪʴʩʷ ʬʫʥʢʮʽʦʥʘʣ ʜʝ ὃ ð ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ, ύ π ð ʚʘʨʪʽʩʪʴ 

ʨʝʘʣʽʟʘʮʽʾ ʢʝʨʫʶʯʠʭ ʟʘʭʦʜʽʚ. 

ʆʧʪʠʤʽʟʘʮʽʷ ʟʜʽʡʩʥʶʻʪʴʩʷ ʟʘ ʬʫʥʢʮʽʦʥʘʣʦʤ([4]): 

ὐὺȟὺȟὺ ὃὍ ὃὈ ὃὙ ὃὛ
ύὺ

ς
Ὠὸ 

ʜʝ ὃȟὃȟὃȟὃ   ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʥ̒ʪʠ ʚʽʜʧʦʚʽʜʥʦ ʜʣʷ ʽʥʬʽʢʦʚʘʥʠʭ, 

ʧʦʤʝʨʣʠʭ, ʦʜʫʞʘʣʠʭ ʪʘ ʩʧʨʠʷʪʣʠʚʠʭ. 

ɿʘ ʧʨʠʥʮʠʧʦʤ ʤʘʢʩʠʤʫʤʫ ʇʦʥʪʨʷʛʽʥʘ ([3],[4]) ʦʪʨʠʤʘʥʦ ʩʠʩʪʝʤʫ 

ʩʧʨʷʞʝʥʠʭ ʨʽʚʥʷʥʴ ʟ ʫʤʦʚʘʤʠ ʪʨʘʥʩʚʝʨʩʘʣʴʥʦʩʪʽ ‪ Ὕ π ʪʘ ʚʠʨʘʟʠ ʜʣʷ 

ʦʧʪʠʤʘʣʴʥʠʭ ʢʝʨʫʚʘʥʴ. 

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ʏʠʩʝʣʴʥʝ ʤʦʜʝʣʶʚʘʥʥʷ ʚʠʢʦʥʘʥʦ ʤʦʚʦʶ Python ʤʝʪʦʜʦʤ ʈʫʥʛʝ-ʂʫʪʪʠ 

4-ʛʦ ʧʦʨʷʜʢʫ ʟ ʤʦʜʠʬʽʢʘʮʽʻʶ ʜʣʷ ʩʠʩʪʝʤ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤ: ʟʙʝʨʝʞʝʥʥʷʤ ʤʘʩʠʚʫ 

ʧʦʧʝʨʝʜʥʽʭ ʩʪʘʥʽʚ ʪʘ ʚʨʘʭʫʚʘʥʥʷʤ ʬʫʥʢʮʽʾ ʍʝʚʽʩʘʡʜʘ. ɼʣʷ ʟʘʜʘʯʽ ʦʧʪʠʤʘʣʴʥʦʛʦ 

ʢʝʨʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʘʥʦ ʽʪʝʨʘʮʽʡʥʠʡ ʤʝʪʦʜ ʧʨʷʤʦʛʦ-ʟʚʦʨʦʪʥʦʛʦ ʧʨʦʛʦʥʫ 

(FBSM). 

ɺʭʽʜʥʽ ʧʘʨʘʤʝʪʨʠ: ɓ = 1.5, ɔ = 0.8, ɛ = 0.2; Ű  = 7, Ű  = 14, Ű  = 15 ʜʥʽʚ; A  = A  = 

A  = 5, A  = 0.8; W  = 10000, W  = 100000, W  = 1000.  

ʇʦʨʽʚʥʷʥʥʷ ʤʦʜʝʣʽ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤ ʪʘ ʙʝʟ ʟʘʧʽʟʥʝʥʥʷ († † † π) 

ʚʠʷʚʠʣʦ ʩʫʪʪʻʚʽ ʚʽʜʤʽʥʥʦʩʪʽ. ʋ ʤʦʜʝʣʽ ʙʝʟ ʟʘʧʽʟʥʝʥʥʷ ʧʽʢ ʽʥʬʽʢʦʚʘʥʠʭ ςρπ 

(ʈʠʩ. 1) ʦʩʽʙ ʜʦʩʷʛʘʻʪʴʩʷ ʚʞʝ ʥʘ ὸ ρ-ʡ ʜʝʥʴ, ʝʧʽʜʝʤʽʷ ʟʛʘʩʘʻ ʜʦ ὸ ρπ, 
ʧʦʤʝʨʣʠʭ ð χυ ʦʩʽʙ. ʋ ʤʦʜʝʣʽ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤ (1) ʧʽʢ ʟʤʽʱʫʻʪʴʩʷ ʥʘ ὸ ςπ-ʡ 

ʜʝʥʴ (ʈʠʩ. 2) ʽ ʩʷʛʘʻ ρπππ ʦʩʽʙ, ʪʨʠʚʘʣʽʩʪʴ ʝʧʽʜʝʤʽʾ ʟʨʦʩʪʘʻ ʜʦ τπ ʜʥʽʚ ʘ 

ʢʽʣʴʢʽʩʪʴ ʧʦʤʝʨʣʠʭ ʟʙʽʣʴʰʫʻʪʴʩʷ ʜʦ ρφυ ʦʩʽʙ. 

ɿʘ ʦʧʪʠʤʘʣʴʥʦʛʦ ʢʝʨʫʚʘʥʥʷ(2) ʧʽʢ ʽʥʬʽʢʦʚʘʥʠʭ ʟʥʠʞʫʻʪʴʩʷ ʜʦ å640 ʦʩʽʙ 

ʥʘ 10-ʡ ʜʝʥʴ(ʈʠʩ. 3) ʽ ʜʘʣʽ ʤʦʥʦʪʦʥʥʦ ʩʧʘʜʘʻ. ʏʘʩʪʢʘ ʦʜʫʞʘʣʠʭ R(t) 

ʩʪʘʙʽʣʽʟʫʻʪʴʩʷ ʥʘ ʨʽʚʥʽ å0.92, ʧʦʤʝʨʣʠʭ D(t) ð ʣʠʰʝ å0.02 (20 ʦʩʽʙ). ʏʘʩʪʢʘ 

ʩʧʨʠʡʥʷʪʣʠʚʠʭ S(t) ʰʚʠʜʢʦ ʧʘʜʘʻ ʜʦ ʥʫʣʷ ʟʘʚʜʷʢʠ ʚʘʢʮʠʥʘʮʽʾ ʪʘ ʧʝʨʝʙʽʛʫ 

ʝʧʽʜʝʤʽʾ.  

ʏʝʨʝʟ ʚʠʩʦʢʫ ʚʘʨʪʽʩʪʴ ʢʝʨʫʚʘʥʴ (W  = 100000) ʦʧʪʠʤʘʣʴʥʘ ʩʪʨʘʪʝʛʽʷ 

ʧʝʨʝʜʙʘʯʘʻ ʧʝʨʝʚʘʞʥʦ ʣʽʢʫʚʘʥʥʷ (v  ʤʘʢʩʠʤʫʤ å0.17 ʥʘ 20-ʡ ʜʝʥʴ) ʪʘ 

ʚʘʢʮʠʥʘʮʽʶ (v  å0.1), ʪʦʜʽ ʷʢ ʢʘʨʘʥʪʠʥ (v  å0) ʤʘʡʞʝ ʥʝ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ.  
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ʅʘʡʤʝʥʰʝ ʚʘʛʦʚʝ ʟʥʘʯʝʥʥʷ A  ʚʽʜʦʙʨʘʞʘʻ ʥʠʞʯʠʡ ʧʨʽʦʨʠʪʝʪ ʰʨʘʬʪʫ ʟʘ 

ʩʧʨʠʷʪʣʠʚʠʭ ʦʩʽʙ ʚʽʜʥʦʩʥʦ ʽʥʬʽʢʦʚʘʥʠʭ ʪʘ ʧʦʤʝʨʣʠʭ. 

ɺʠʩʥʦʚʢʠ  

ʋ ʮʽʡ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʝʥʦ ʜʝʪʝʨʤʽʥʦʚʘʥʫ SIRD-ʤʦʜʝʣʴ(1) ʧʦʰʠʨʝʥʥʷ 

COVID-19 ʟ ʯʘʩʦʚʠʤʠ ʟʘʧʽʟʥʝʥʥʷʤʠ. ɺʩʪʘʥʦʚʣʝʥʦ ʽʩʥʫʚʘʥʥʷ ʜʚʦʭ ʪʦʯʦʢ 

ʨʽʚʥʦʚʘʛʠ ʪʘ ʜʦʚʝʜʝʥʦ ʾʭʥʶ ʩʪʽʡʢʽʩʪʴ ʟʘʣʝʞʥʦ ʚʽʜ ʟʥʘʯʝʥʥʷ ʙʘʟʦʚʦʛʦ 

ʨʝʧʨʦʜʫʢʪʠʚʥʦʛʦ ʯʠʩʣʘ Ὑ .   

ʇʦʢʘʟʘʥʦ, ʱʦ ʚʨʘʭʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʟʘʧʽʟʥʝʥʴ ʩʫʪʪʻʚʦ ʟʤʽʥʶʻ ʭʘʨʘʢʪʝʨ 

ʝʧʽʜʝʤʽʯʥʦʛʦ ʧʨʦʮʝʩʫ. ɿʘʩʪʦʩʫʚʘʥʥʷ ʦʧʪʠʤʘʣʴʥʦʛʦ ʢʝʨʫʚʘʥʥʷ ʜʦʟʚʦʣʷʻ ʟʥʘʯʥʦ 

ʟʥʠʟʠʪʠ ʧʽʢ ʟʘʭʚʦʨʶʚʘʥʦʩʪʽ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʚʘʞʣʠʚʽʩʪʴ ʚʢʣʶʯʝʥʥʷ ʯʘʩʦʚʠʭ 

ʟʘʧʽʟʥʝʥʴ ʫ ʤʘʪʝʤʘʪʠʯʥʽ ʤʦʜʝʣʽ ʝʧʽʜʝʤʽʡ ʜʣʷ ʨʝʘʣʽʩʪʠʯʥʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. 

 

ʈʠʩ. 1 ɼʠʥʘʤʽʢʠ SIRD-ʤʦʜʝʣʽ ʙʝʟ ʟʘʧʽʟʥʝʥʥʷ ʈʠʩ. 2 ɼʠʥʘʤʽʢʘ SIRD-ʤʦʜʝʣʽ ʽʟ 

ʟʘʧʽʟʥʝʥʥʷʤ 

 

 

ʈʠʩ. 3 ʆʧʪʠʤʘʣʴʥʝ ʢʝʨʫʚʘʥʥʷ ʜʣʷ SIRD-ʤʦʜʝʣʽ ʽʟ ʟʘʧʽʟʥʝʥʥʷʤ 

ʉʧʠʩʦʢ ʚʠʢʦʨʠʩʪʘʥʦʾ ʣʽʪʝʨʘʪʫʨʠ: 

1. Calleri F. Continuous-time stochastic processes for the spread of COVID-

19 disease simulated via a Monte Carlo approach and comparison with deterministic 

models / F. Calleri, G. Nastasi, V. Romano // Journal of Mathematical Biology. ð 

2021. ð Vol. 83. ð Article 34.  
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2. van den Driessche P. Reproduction numbers and sub-threshold endemic 

equilibria for compartmental models of disease transmission / P. van den Driessche, 

J. Watmough // Mathematical Biosciences. ð 2002. ð Vol. 180. ð P. 29ï48.  

3. Elhia M. Optimal control problem for a tuberculosis model with multiple 

infectious compartments and time delays / M. Elhia, O. Balatif, L. Boujalla, 

M. Rachik // An International Journal of Optimization and Control: Theories & 

Applications. ð 2021. ð Vol. 11, No. 1. ð P. 75ï91.  

4. Khan M. H. Optimal control of an SIRD model with data-driven parameter 

estimation / M. H. Khan, M. Ahmed, M. M. A. Sarker // Results in Control and 

Optimization. ð 2024. ð Vol. 14. ð Article 100346. 

5. Balamuralitharan S. Bifurcation analysis in SIR epidemic model with 

treatment / S. Balamuralitharan, M. Radha // Journal of Physics: Conference 

Series. ð 2018. ð Vol. 1000. ð Article 012169. 
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ɺʩʪʫʧ  

ʉʫʯʘʩʥʽ ʪʝʭʥʦʣʦʛʽʾ ʚʠʤʘʛʘʶʪʴ ʩʪʚʦʨʝʥʥʷ ʩʠʩʪʝʤ ʙʝʟʧʝʢʠ ʪʘ 

ʤʦʥʽʪʦʨʠʥʛʫ, ʟʜʘʪʥʠʭ ʧʨʘʮʶʚʘʪʠ ʚ ʰʫʤʥʠʭ ʫʤʦʚʘʭ. ʂʣʘʩʠʯʥʦʛʦ ʧʝʨʝʪʚʦʨʝʥʥʷ 

ʛʦʣʦʩʫ ʚ ʪʝʢʩʪ ʩʴʦʛʦʜʥʽ ʚʞʝ ʥʝʜʦʩʪʘʪʥʴʦ. ɺʠʥʠʢʘʻ ʧʦʪʨʝʙʘ ʚ ʩʠʩʪʝʤʘʭ, ʷʢʽ 

ʤʦʞʫʪʴ ʧʘʨʘʣʝʣʴʥʦ ʚʠʢʦʥʫʚʘʪʠ ʜʚʽ ʟʘʜʘʯʽ: ʟʘʧʠʩʫʚʘʪʠ ʣʶʜʩʴʢʫ ʤʦʚʫ ʪʘ 

ʚʠʷʚʣʷʪʠ ʥʝʙʝʟʧʝʯʥʽ ʟʚʫʢʠ (ʥʘʧʨʠʢʣʘʜ, ʟʚʫʢ ɹʇʃɸ ʘʙʦ ʩʠʨʝʥʠ) ʥʘ ʬʦʥʽ 

ʟʚʠʯʘʡʥʦʛʦ ʧʦʙʫʪʦʚʦʛʦ ʰʫʤʫ.  

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʦʟʨʦʙʢʘ ʢʦʤʧʣʝʢʩʥʦʾ ʧʨʦʛʨʘʤʠ, ʷʢʘ ʚ ʨʝʞʠʤʽ 

ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ ʩʣʫʭʘʻ ʘʫʜʽʦʧʦʪʽʢ, ʢʣʘʩʠʬʽʢʫʻ ʬʦʥʦʚʽ ʟʚʫʢʠ, ʧʝʨʝʪʚʦʨʶʻ ʤʦʚʫ 

ʥʘ ʪʝʢʩʪ ʪʘ ʘʚʪʦʤʘʪʠʯʥʦ ʙʣʦʢʫʻ ʟʘʜʘʥʽ "ʩʪʦʧ-ʩʣʦʚʘ".  

ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ ʪʘ ʧʘʡʧʣʘʡʥ ʦʙʨʦʙʢʠ 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʩʪʘʙʽʣʴʥʦʾ ʨʦʙʦʪʠ ʙʝʟ ʚʠʢʦʨʠʩʪʘʥʥʷ ʛʨʘʬʽʯʥʠʭ 

ʧʨʠʩʢʦʨʶʚʘʯʽʚ (GPU), ʘʨʭʽʪʝʢʪʫʨʫ ʩʠʩʪʝʤʠ ʧʦʙʫʜʦʚʘʥʦ ʷʢ ʙʘʛʘʪʦʧʦʪʦʢʦʚʠʡ 

ʢʦʥʚʝʻʨ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʥʘʩʪʫʧʥʠʭ ʝʪʘʧʽʚ: 
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1. ɿʘʭʦʧʣʝʥʥʷ ʪʘ ʧʦʧʝʨʝʜʥʷ ʬʽʣʴʪʨʘʮʽʷ (VAD): ʉʠʛʥʘʣ ʟʘʭʦʧʣʶʻʪʴʩʷ 

ʬʨʘʛʤʝʥʪʘʤʠ (ʯʘʥʢʘʤʠ). ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʨʝʩʫʨʩʽʚ ʧʨʦʮʝʩʦʨʘ ʧʝʨʰʠʤ 

ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʝʪʝʢʪʦʨ ʘʢʪʠʚʥʦʩʪʽ (Voice Activity Detection), ʷʢʠʡ 

ʦʙʯʠʩʣʶʻ ʩʝʨʝʜʥʴʦʢʚʘʜʨʘʪʠʯʥʫ ʝʥʝʨʛʽʶ ʩʠʛʥʘʣʫ (RMS). ʗʢʱʦ ʝʥʝʨʛʽʷ 

ʥʠʞʯʘ ʟʘ ʚʠʟʥʘʯʝʥʠʡ ʧʦʨʽʛ (ʘʙʩʦʣʶʪʥʘ ʪʠʰʘ), ʬʨʘʛʤʝʥʪ ʚʽʜʢʠʜʘʻʪʴʩʷ, ʱʦ 

ʜʦʟʚʦʣʷʻ ʟʝʢʦʥʦʤʠʪʠ ʧʦʥʘʜ 30% ʨʝʩʫʨʩʽʚ CPU. 

2. ɼʝʪʝʢʮʽʷ ʘʢʫʩʪʠʯʥʠʭ ʧʦʜʽʡ: ɿʚʫʢʦʚʽ ʬʨʘʛʤʝʥʪʠ ʧʝʨʝʜʘʶʪʴʩʷ ʜʦ 

ʧʦʧʝʨʝʜʥʴʦ ʥʘʪʨʝʥʦʚʘʥʦʾ ʟʛʦʨʪʢʦʚʦʾ ʥʝʡʨʦʤʝʨʝʞʽ YAMNet (ʚʽʜ Google), 

ʷʢʘ ʟʜʘʪʥʘ ʢʣʘʩʠʬʽʢʫʚʘʪʠ 521 ʪʠʧ ʟʚʫʢʽʚ. ʗʢʱʦ ʤʦʜʝʣʴ ʚʠʷʚʣʷʻ ʢʨʠʪʠʯʥʠʡ 

ʧʘʪʝʨʥ, ʩʠʩʪʝʤʘ ʛʝʥʝʨʫʻ ʩʧʦʚʽʱʝʥʥʷ ʧʨʦ ʥʝʙʝʟʧʝʢʫ. 

3. ʊʨʘʥʩʢʨʠʧʮʽʷ ʤʦʚʣʝʥʥʷ: ʗʢʱʦ YAMNet ʢʣʘʩʠʬʽʢʫʻ ʟʚʫʢ ʷʢ ʣʶʜʩʴʢʫ 

ʤʦʚʫ, ʘʫʜʽʦʜʘʥʽ ʥʘʢʦʧʠʯʫʶʪʴʩʷ ʟʘ ʤʝʪʦʜʦʤ ʢʦʚʟʥʦʛʦ ʚʽʢʥʘ ʟ ʧʝʨʝʢʨʠʪʪʷʤ 

ʽ ʧʝʨʝʜʘʶʪʴʩʷ ʜʦ ʧʦʧʝʨʝʜʥʴʦ ʥʘʪʨʝʥʦʚʘʥʦʾ ʘʢʫʩʪʠʯʥʦʾ ʤʦʜʝʣʽ Faster-

Whisper (ʚʽʜ OpenAI), ʦʧʪʠʤʽʟʦʚʘʥʦʾ ʜʣʷ ʨʦʙʦʪʠ ʥʘ CPU (ʢʚʘʥʪʠʟʘʮʽʷ 

int8).  

4. ʃʽʥʛʚʽʩʪʠʯʥʘ ʧʦʩʪʦʙʨʦʙʢʘ: ʈʦʟʧʽʟʥʘʥʠʡ ʪʝʢʩʪ ʧʨʦʭʦʜʠʪʴ ʯʝʨʝʟ 

ʨʦʟʨʦʙʣʝʥʠʡ NLP-ʬʽʣʴʪʨ ʥʘ ʦʩʥʦʚʽ ʤʝʪʨʠʢʠ ʥʝʯʽʪʢʦʛʦ ʧʦʰʫʢʫ (ʚʽʜʩʪʘʥʴ 

ʃʝʚʝʥʰʪʝʡʥʘ). ʎʝ ʜʦʟʚʦʣʷʻ ʟʥʘʭʦʜʠʪʠ ʪʘ ʙʣʦʢʫʚʘʪʠ ʮʽʣʴʦʚʽ "ʩʪʦʧ-ʩʣʦʚʘ" 

ʥʘʚʽʪʴ ʫ ʚʠʧʘʜʢʘʭ, ʢʦʣʠ ʥʝʡʨʦʤʝʨʝʞʘ ʜʦʧʫʩʢʘʻ ʬʦʥʝʪʠʯʥʽ ʧʦʤʠʣʢʠ ʯʝʨʝʟ 

ʬʦʥʦʚʠʡ ʰʫʤ. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʜʦʩʣʽʜʞʝʥʥʷ 

ʊʝʩʪʫʚʘʥʥʷ ʨʦʟʨʦʙʣʝʥʦʛʦ ʧʘʡʧʣʘʡʥʫ ʧʨʦʚʦʜʠʣʦʩʷ ʚ ʫʤʦʚʘʭ ʨʝʘʣʴʥʦʛʦ 

ʧʦʙʫʪʦʚʦʛʦ ʰʫʤʫ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʜʝʪʝʢʮʽʾ ʧʦʜʽʡ ʦʮʽʥʶʚʘʣʘʩʷ ʟʘ ʤʝʪʨʠʢʦʶ 

ʡʤʦʚʽʨʥʦʩʪʽ (Softmax confidence score), ʷʢʫ ʛʝʥʝʨʫʻ ʤʦʜʝʣʴ ʜʣʷ ʢʦʞʥʦʛʦ ʟ 

ʢʣʘʩʽʚ.  

ʈʝʟʫʣʴʪʘʪʠ ʧʦʢʘʟʘʣʠ, ʱʦ ʧʦʙʫʪʦʚʠʡ ʰʫʤ ʢʦʨʝʢʪʥʦ ʨʦʟʧʽʟʥʘʻʪʴʩʷ 

ʩʠʩʪʝʤʦʶ ʷʢ "ɼʦʤʘʰʥʽ ʪʚʘʨʠʥʠ" (62% ʡʤʦʚʽʨʥʦʩʪʽ) ʘʙʦ "ʂʽʤʥʘʪʘ" (49%) ʪʘ 

ʫʩʧʽʰʥʦ ʽʛʥʦʨʫʻʪʴʩʷ. ʆʩʦʙʣʠʚʠʡ ʥʘʫʢʦʚʠʡ ʽʥʪʝʨʝʩ ʩʪʘʥʦʚʠʪʴ ʨʝʘʢʮʽʷ ʙʘʟʦʚʦʾ 

ʤʦʜʝʣʽ YAMNet ʥʘ ʥʝʪʠʧʦʚʽ ʟʘʛʨʦʟʠ: ʟʚʫʢ FPV-ʜʨʦʥʘ ʩʠʩʪʝʤʘ ʢʣʘʩʠʬʽʢʫʚʘʣʘ 

ʷʢ "ʂʨʠʢ" (72%) ʪʘ "ʉʠʛʥʘʣʽʟʘʮʽʷ" (57%). ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ ʩʧʝʢʪʨʘʣʴʥʦʶ 

ʩʭʦʞʽʩʪʶ ʚʠʩʦʢʦʯʘʩʪʦʪʥʦʛʦ ʜʟʠʞʯʘʥʥʷ ʤʦʪʦʨʽʚ ʽʟ ʩʠʨʝʥʘʤʠ, ʱʦ ʜʦʟʚʦʣʷʻ 

ʩʠʩʪʝʤʽ ʫʩʧʽʰʥʦ ʚʠʷʚʣʷʪʠ ʘʥʦʤʘʣʽʶ, ʧʨʦʪʝ ʚʢʘʟʫʻ ʥʘ ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʦʜʘʣʴʰʦʛʦ 

ʜʦʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ ʥʘ ʩʧʝʮʠʬʽʯʥʠʭ ʚʽʡʩʴʢʦʚʠʭ ʜʘʪʘʩʝʪʘʭ. ʆʜʥʦʯʘʩʥʦ ʩʠʩʪʝʤʘ 

ʫʩʧʽʰʥʦ ʪʨʘʥʩʢʨʠʙʫʚʘʣʘ ʛʦʣʦʩʦʚʽ ʢʦʤʘʥʜʠ ʪʘ ʚʽʜʬʽʣʴʪʨʫʚʘʣʘ ʟʘʜʘʥʽ ʩʪʦʧ-ʩʣʦʚʘ 
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ɺʠʩʥʦʚʢʠ: 

ʈʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ ʜʝʤʦʥʩʪʨʫʻ ʚʠʩʦʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʛʽʙʨʠʜʥʠʭ 

ʟʘʜʘʯʘʭ ʘʢʫʩʪʠʯʥʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ. ʉʪʚʦʨʝʥʠʡ ʧʘʡʧʣʘʡʥ ʜʦʟʚʦʣʷʻ ʦʙ'ʻʜʥʘʪʠ 

"ʚʘʞʢʽ" ʥʝʡʨʦʤʝʨʝʞʝʚʽ ʤʦʜʝʣʽ (YAMNet ʪʘ Whisper) ʟ ʣʝʛʢʠʤʠ 

ʜʝʪʝʨʤʽʥʦʚʘʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ (VAD ʪʘ ʬʽʣʴʪʨ ʃʝʚʝʥʰʪʝʡʥʘ), ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʙʝʟʧʝʨʝʙʽʡʥʫ ʨʦʙʦʪʫ ʚ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ ʥʘ ʩʪʘʥʜʘʨʪʥʦʤʫ ʦʙʣʘʜʥʘʥʥʽ. 

ʇʨʘʮʝʟʜʘʪʥʽʩʪʴ ʩʠʩʪʝʤʠ ʧʽʜʪʚʝʨʜʞʝʥʘ ʧʽʜ ʯʘʩ ʧʨʘʢʪʠʯʥʠʭ ʜʝʤʦʥʩʪʨʘʮʽʡ 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 
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A. Radford, J.W. Kim, T. Xu // International Conference on Machine 

Learning (ICML).ï 2023.ï ʊʦʤ. 202.ï ʉ. 28492-28518. 

2. Gemmeke J.F. Audio set: An ontology and human-labeled dataset for audio 

events / J.F. Gemmeke, D.P. Ellis, D. Freedman // IEEE International 

Conference on Acoustics, Speech and Signal Processing (ICASSP).ï 

2017.ï ʊʦʤ. 42.ï ʉ. 776-780. 

3. Levenshtein V.I. Binary codes capable of correcting deletions, insertions, 
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10.ï ʉ. 707-710. 
4. Harris C.R. Array programming with NumPy / C.R. Harris, K.J. Millman, 

S.J. van der Walt // Nature.ï 2020.ï ʊʦʤ. 585.ï ʉ. 357-362. 
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ʈʆɿʈʆɹʂɸ ɯʅʊɽʃɽʂʊʋɸʃʔʅʆɻʆ ɸɻɽʅʊɸ ɼʃʗ ʆʈɻɸʅɯɿɸʎɯɰ 

ɻɯʈʉʔʂʀʍ ʇʆʍʆɼɯɺ ʅɸ ʆʉʅʆɺɯ MCP-ʉɽʈɺɽʈɯɺ 

ʆʣʴʛʘ ʄʘʥʜʨʠʢʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ, ʬʘʢʫʣʴʪʝʪ 

ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

OLHA.MANDRYKA@lnu.edu.ua 

ɸʥʦʪʘʮʽʷ. ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʫ ʘʨʭʽʪʝʢʪʫʨʫ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʛʝʥʪʘ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ ʛʽʨʩʴʢʠʭ 

ʤʘʨʰʨʫʪʽʚ. ɸʨʭʽʪʝʢʪʫʨʘ ʧʦʻʜʥʫʻ ʜʝʪʝʨʤʽʥʦʚʘʥʠʡ ʩʢʽʥʯʝʥʥʠʡ ʘʚʪʦʤʘʪ ʩʪʘʥʽʚ 

(FSM) ʜʣʷ ʢʝʨʫʚʘʥʥʷ ʜʽʘʣʦʛʦʚʠʤ ʧʦʪʦʢʦʤ ʪʘ ʦʨʽʻʥʪʦʚʘʥʠʡ ʘʮʠʢʣʽʯʥʠʡ ʛʨʘʬ 

(DAG) ʜʣʷ ʢʦʥʢʫʨʝʥʪʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʟʦʚʥʽʰʥʽʭ ʽʥʩʪʨʫʤʝʥʪʽʚ ʯʝʨʝʟ Model 

Context Protocol (MCP). ʈʝʘʣʽʟʦʚʘʥʦ ʧ'ʷʪʴ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ MCP-ʩʝʨʚʝʨʽʚ ʪʘ 
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RAG-ʧʽʜʩʠʩʪʝʤʫ ʥʘ ʙʘʟʽ ChromaDB. ʇʨʘʢʪʠʯʥʘ ʘʧʨʦʙʘʮʽʷ ʧʽʜʪʚʝʨʜʞʫʻ 

ʚʽʜʪʚʦʨʶʚʘʥʽʩʪʴ ʩʝʤʘʥʪʠʯʥʦʛʦ ʷʜʨʘ ʚʽʜʧʦʚʽʜʝʡ ʪʘ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʘʨʘʣʝʣʴʥʦʛʦ 

ʚʠʢʦʥʘʥʥʷ ʽʥʩʪʨʫʤʝʥʪʽʚ. 

 

ɺʩʪʫʧ ʽ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ɸʚʪʦʤʘʪʠʟʘʮʽʷ ʩʢʣʘʜʥʠʭ ʧʨʠʢʣʘʜʥʠʭ ʟʘʜʘʯ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʽʥʪʝʛʨʘʮʽʾ 

ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʜʞʝʨʝʣ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʧʘʨʘʣʝʣʴʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʦʙʯʠʩʣʝʥʴ ʻ 

ʦʜʥʠʤ ʽʟ ʢʣʶʯʦʚʠʭ ʚʠʢʣʠʢʽʚ ʫ ʩʫʯʘʩʥʠʭ ʩʠʩʪʝʤʘʭ ʥʘ ʦʩʥʦʚʽ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ 

ʤʦʜʝʣʝʡ (LLM). ɿʘʜʘʯʫ ʧʣʘʥʫʚʘʥʥʷ ʛʽʨʩʴʢʠʭ ʤʘʨʰʨʫʪʽʚ ʦʙʨʘʥʦ ʷʢ 

ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʡ ʧʨʠʢʣʘʜ ʪʘʢʦʛʦ ʢʣʘʩʫ ʟʘʜʘʯ: ʾʾ ʚʠʨʽʰʝʥʥʷ ʧʦʪʨʝʙʫʻ 

ʦʜʥʦʯʘʩʥʦʛʦ ʚʨʘʭʫʚʘʥʥʷ ʢʦʦʨʜʠʥʘʪ ʣʦʢʘʮʽʡ, ʧʨʦʛʥʦʟʫ ʧʦʛʦʜʥʠʭ ʫʤʦʚ, 

ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʤʘʨʰʨʫʪʫ ʪʘ ʨʝʢʦʤʝʥʜʘʮʽʡ ʱʦʜʦ ʙʝʟʧʝʢʠ. 

ʌʦʨʤʘʣʴʥʦ ʘʛʝʥʪ ʦʪʨʠʤʫʻ ʪʝʢʩʪʦʚʠʡ ʟʘʧʠʪ ήɴ ὗ(ʥʘʧʨʠʢʣʘʜ, çʉʧʣʘʥʫʡ 

ʤʘʨʰʨʫʪ ʥʘ ɻʦʚʝʨʣʫè), ʚʠʟʥʘʯʘʻ ʥʘʤʽʨ l(q){ɴroute planning, followup, general}, 

ʦʨʢʝʩʪʨʫʻ ʚʠʢʣʠʢʠ ʤʥʦʞʠʥʠ MCP-ʩʝʨʚʝʨʽʚ ὓ ὓȟȣȟὓ  ʪʘ ʬʦʨʤʫʻ 

ʚʽʜʧʦʚʽʜʴ a = Generate(ɘ, results, q, K), ʜʝ K ï ʢʦʨʦʪʢʦʯʘʩʥʘ ʧʘʤ'ʷʪʴ ʜʽʘʣʦʛʫ. 

ɸʥʘʣʽʟ ʽʩʥʫʶʯʠʭ ʧʽʜʭʦʜʽʚ ReAct, Plan-and-Execute, Tree of Thoughts ʪʘ 

AgentFlow ʧʦʢʘʟʘʚ ʚʽʜʩʫʪʥʽʩʪʴ ʨʽʰʝʥʥʷ, ʷʢʝ ʙ ʦʜʥʦʯʘʩʥʦ ʟʘʙʝʟʧʝʯʫʚʘʣʦ 

ʬʦʨʤʘʣʽʟʦʚʘʥʝ ʜʝʪʝʨʤʽʥʦʚʘʥʝ ʢʝʨʫʚʘʥʥʷ ʜʽʘʣʦʛʦʚʠʤ ʧʦʪʦʢʦʤ ʽ ʝʬʝʢʪʠʚʥʝ 

ʚʠʢʦʥʘʥʥʷ ʟ ʝʬʝʢʪʦʤ ʧʘʨʘʣʝʣʴʥʦʩʪʽ ʽʥʩʪʨʫʤʝʥʪʽʚ ʽʟ ʬʽʟʠʯʥʦʶ ʽʟʦʣʷʮʽʻʶ 

ʩʝʨʚʽʩʽʚ. ʉʘʤʝ ʮʝ ʧʨʦʪʠʨʽʯʯʷ ʜʝʤʦʥʩʪʨʫʻ ʘʢʪʫʘʣʴʥʽʩʪʴ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ 

ʧʽʜʭʦʜʫ (ʜʠʚ. ʨʠʩ. 1). 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʣʴʥʘ ʪʘʙʣʠʮʷ ʧʽʜʭʦʜʽʚ 

ʇʽʜʭʽʜ ɼʝʪʝʨʤʽʥʦʚʘʥʽʩʪʴ ʂʦʥʢʫʨʝʥʪʥʝ 

ʚʠʢʦʥʘʥʥʷ 

ʂʝʨʦʚʘʥʽʩʪʴ 

ReAct ʅʠʟʴʢʘ ɺʽʜʩʫʪʥʷ ʉʢʣʘʜʥʘ 

Plan-and-

Execute 

ʉʝʨʝʜʥʷ ʏʘʩʪʢʦʚʘ ʉʝʨʝʜʥʷ 

Tree of 

Thoughts 

ʅʠʟʴʢʘ ʏʘʩʪʢʦʚʘ ʉʢʣʘʜʥʘ 

FSM + DAG ɺʠʩʦʢʘ ʇʦʚʥʘ ɺʠʩʦʢʘ 

ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ 

ʎʝʥʪʨʘʣʴʥʠʤ ʝʣʝʤʝʥʪʦʤ ʩʠʩʪʝʤʠ ʻ ʛʽʙʨʠʜʥʠʡ ʦʨʢʝʩʪʨʘʪʦʨ 

(HybridOrchestrator), ʱʦ ʧʦʻʜʥʫʻ ʜʚʘ ʬʦʨʤʘʣʴʥʠʭ ʤʝʭʘʥʽʟʤʠ ʢʝʨʫʚʘʥʥʷ: 
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ʩʢʽʥʯʝʥʥʠʡ ʘʚʪʦʤʘʪ ʩʪʘʥʽʚ (FSM) ʜʣʷ ʜʝʪʝʨʤʽʥʦʚʘʥʦʛʦ ʢʝʨʫʚʘʥʥʷ ʜʽʘʣʦʛʦʚʠʤ 

ʧʦʪʦʢʦʤ ʪʘ ʦʨʽʻʥʪʦʚʘʥʠʡ ʘʮʠʢʣʽʯʥʠʡ ʛʨʘʬ (DAG) ʜʣʷ ʜʝʢʦʤʧʦʟʠʮʽʾ ʟʘʜʘʯʽ ʪʘ 

ʢʦʥʢʫʨʝʥʪʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʽʥʩʪʨʫʤʝʥʪʽʚ. 

FSM ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ ὃ ὙȟВ ȟ„ȟὶȟὊ, ʜʝ ʤʥʦʞʠʥʘ ʩʪʘʥʽʚ R = 

{IDLE, PARSE_INTENT, VALIDATE_PARAMS, EXECUTE_DAG, 

FOLLOWUP_ANSWER, SAVE_TURN, FINALIZE} ʦʧʠʩʫʻ ʧʦʚʥʠʡ ʮʠʢʣ 

ʦʙʨʦʙʢʠ ʟʘʧʠʪʫ. ɼʝʪʝʨʤʽʥʦʚʘʥʽʩʪʴ ʧʝʨʝʭʦʜʽʚ ʤʽʞ ʩʪʘʥʘʤʠ ʜʦʟʚʦʣʷʻ ʫʥʠʢʥʫʪʠ 

çʛʘʣʶʮʠʥʘʮʽʾ ʤʘʨʰʨʫʪʫ ʚʠʢʦʥʘʥʥʷè ï ʬʝʥʦʤʝʥʫ, ʢʦʣʠ LLM ʩʘʤʦʩʪʽʡʥʦ ʦʙʠʨʘʻ 

ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʜʽʡ ʙʝʟ ʬʦʨʤʘʣʴʥʠʭ ʦʙʤʝʞʝʥʴ (ʜʠʚ. ʨʠʩ. 2). 

 
ʈʠʩ. 2. ɿʘʛʘʣʴʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ 

DAG ʚʠʢʦʥʘʥʥʷ ʦʨʛʘʥʽʟʦʚʘʥʦ ʫ ʜʚʘ ʨʽʚʥʽ. ʅʘ ʧʝʨʰʦʤʫ ʨʽʚʥʽ 

ʢʦʥʢʫʨʝʥʪʥʦ ʟʘʧʫʩʢʘʶʪʴʩʷ ʥʝʟʘʣʝʞʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʛʝʦʢʦʜʫʚʘʥʥʷ 

(geocode_location) ʪʘ ʧʦʰʫʢʫ ʚ ʙʘʟʽ ʟʥʘʥʴ (rag_search). ʆʪʨʠʤʘʥʽ ʢʦʦʨʜʠʥʘʪʠ 

ʚʝʨʰʠʥʠ ʩʪʘʶʪʴ ʚʭʽʜʥʠʤʠ ʜʘʥʠʤʠ ʜʣʷ ʜʨʫʛʦʛʦ ʨʽʚʥʷ, ʜʝ ʧʘʨʘʣʝʣʴʥʦ 

ʚʠʢʦʥʫʶʪʴʩʷ ʟʘʣʝʞʥʽ ʽʥʩʪʨʫʤʝʥʪʠ: ʧʨʦʛʥʦʟ ʧʦʛʦʜʠ, ʨʘʥʞʫʚʘʥʥʷ ʜʥʽʚ ʤʝʪʦʜʦʤ 

AHP, ʧʦʙʫʜʦʚʘ ʪʘ ʚʽʟʫʘʣʽʟʘʮʽʷ ʤʘʨʰʨʫʪʫ, ʧʦʰʫʢ ʨʝʢʦʤʝʥʜʘʮʽʡ ʟ ʙʝʟʧʝʢʠ (ʜʠʚ. 

ʨʠʩ. 3). 
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ʈʠʩ. 3. DAG ʚʠʢʦʥʘʥʥʷ ʽʥʩʪʨʫʤʝʥʪʽʚ 

ʂʦʤʧʦʥʝʥʪʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʛʽʙʨʠʜʥʦʛʦ ʦʨʢʝʩʪʨʘʪʦʨʘ ʦʭʦʧʣʶʻ ʯʦʪʠʨʠ 

ʨʽʚʥʽ: InteractionLayer (Streamlit UI), ControlLayer (HybridOrchestrator, 

FSMStateMachine, LLMClient, ShortTermMemory), ExecutionLayer 

(DAGExecutorLogic, MCPClient) ʪʘ KnowledgeLayer (ChromaVectorStore, 

SemanticRetriever). ʅʘʙʽʨ MCP-ʩʝʨʚʝʨʽʚ ʦʭʦʧʣʶʻ RAGServer, MapGeoServer, 

WeatherServer, NavigationServer ʪʘ CalendarServer ï ʢʦʞʝʥ ʻ ʬʽʟʠʯʥʦ 

ʽʟʦʣʴʦʚʘʥʠʤ ʢʦʤʧʦʥʝʥʪʦʤ ʽʟ ʩʪʘʥʜʘʨʪʠʟʦʚʘʥʠʤ MCP-ʧʨʦʪʦʢʦʣʦʤ. 

MCP-ʽʥʬʨʘʩʪʨʫʢʪʫʨʘ ʪʘ RAG-ʩʠʩʪʝʤʘ 

ɺʟʘʻʤʦʜʽʷ ʟ ʟʦʚʥʽʰʥʽʤʠ ʩʝʨʚʽʩʘʤʠ ʨʝʘʣʽʟʦʚʘʥʘ ʯʝʨʝʟ Model Context 

Protocol (MCP) ï ʚʽʜʢʨʠʪʠʡ ʩʪʘʥʜʘʨʪ ʜʣʷ ʧʽʜʢʣʶʯʝʥʥʷ LLM-ʟʘʩʪʦʩʫʥʢʽʚ ʜʦ 

ʟʦʚʥʽʰʥʽʭ ʩʠʩʪʝʤ. ʉʪʘʥʜʘʨʪʠʟʦʚʘʥʠʡ ʧʨʦʪʦʢʦʣ ʟʘʙʝʟʧʝʯʫʻ ʬʽʟʠʯʥʫ ʽʟʦʣʷʮʽʶ 

ʢʦʤʧʦʥʝʥʪʽʚ, ʩʣʘʙʢʝ ʟʚ'ʷʟʫʚʘʥʥʷ (loose coupling) ʪʘ ʤʘʩʰʪʘʙʦʚʘʥʽʩʪʴ ï 

ʜʦʜʘʚʘʥʥʷ ʥʦʚʦʛʦ MCP-ʩʝʨʚʝʨʘ ʥʝ ʧʦʪʨʝʙʫʻ ʟʤʽʥʠ ʣʦʛʽʢʠ ʦʨʢʝʩʪʨʘʪʦʨʘ. 

ʈʝʘʣʽʟʦʚʘʥʦ ʧ'ʷʪʴ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ MCP-ʩʝʨʚʝʨʽʚ: ὓ  ï ʛʝʦʢʦʜʫʚʘʥʥʷ 

(geocode_location, reverse_geocode); ὓ  ï ʧʦʛʦʜʘ (get_weather_forecast) ʟ 

ʨʘʥʞʫʚʘʥʥʷʤ ʜʥʽʚ ʤʝʪʦʜʦʤ AHP (ʤʘʪʨʠʮʷ ʧʦʨʽʚʥʷʥʴ ʜʣʷ ʢʨʠʪʝʨʽʾʚ: ʦʧʘʜʠ, 

ʚʽʪʝʨ, ʪʝʤʧʝʨʘʪʫʨʘ; CR < 0.1; ʦʮʽʥʢʘ Ὓ Вύὼ ; ὓ  ï ʥʘʚʽʛʘʮʽʷ (plan_route, 

HTML-ʢʘʨʪʘ, Mapy.cz Routing API); ὓ  ï ʢʘʣʝʥʜʘʨ (iCalendar .ics); ὓ  ï ʙʘʟʘ 

ʟʥʘʥʴ (rag_search, rag_safety_search). 

ɼʦʚʛʦʪʨʠʚʘʣʘ ʧʘʤ'ʷʪʴ ʘʛʝʥʪʘ ʨʝʘʣʽʟʦʚʘʥʘ ʯʝʨʝʟ RAG-ʧʽʜʩʠʩʪʝʤʫ ʥʘ ʙʘʟʽ 

ChromaDB ʟ ʢʦʩʠʥʫʩʥʦʶ ʤʝʪʨʠʢʦʶ ʧʦʜʽʙʥʦʩʪʽ ʪʘ HNSW-ʘʣʛʦʨʠʪʤʦʤ. ɼʚʘ 

ʜʞʝʨʝʣʘ ʟʥʘʥʴ (ʦʧʠʩʠ ʤʘʨʰʨʫʪʽʚ ʂʘʨʧʘʪ ʪʘ ʧʨʘʚʠʣʘ ʙʝʟʧʝʢʠ) ʽʥʜʝʢʩʫʶʪʴʩʷ ʟ 

ʘʜʘʧʪʦʚʘʥʦʶ ʩʪʨʘʪʝʛʽʻʶ ʯʘʥʢʽʥʛʫ: ʩʝʛʤʝʥʪʘʮʽʷ ʟʘ markdown-ʟʘʛʦʣʦʚʢʘʤʠ ʜʣʷ 
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ʙʝʟʧʝʢʠ ʪʘ ʟʤʽʰʘʥʠʡ ʧʽʜʭʽʜ ʜʣʷ ʤʘʨʰʨʫʪʽʚ. ʇʝʨʝʜʙʘʯʝʥʦ ʨʝʟʝʨʚʥʠʡ ʧʦʰʫʢ ʟʘ 

ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ ʧʨʠ ʥʝʜʦʩʪʫʧʥʦʩʪʽ embedding-ʩʝʨʚʽʩʫ. 

ʈʝʟʫʣʴʪʘʪʠ ʪʘ ʘʧʨʦʙʘʮʽʷ 

ʇʨʘʢʪʠʯʥʘ ʘʧʨʦʙʘʮʽʷ ʧʨʦʚʦʜʠʣʘʩʴ ʥʘ ʩʝʨʽʾ ʪʝʩʪʦʚʠʭ ʩʮʝʥʘʨʽʾʚ ʫ 

ʂʘʨʧʘʪʘʭ. ɿʘ ʟʘʧʠʪʦʤ çʉʧʣʘʥʫʡ ʧʦʭʽʜ ʥʘ ʂʫʢʫʣè ʩʠʩʪʝʤʘ: (1) ʢʦʥʢʫʨʝʥʪʥʦ 

ʚʠʢʦʥʘʣʘ ʛʝʦʢʦʜʫʚʘʥʥʷ ʪʘ ʧʦʰʫʢ ʫ ʙʘʟʽ ʟʥʘʥʴ; (2) ʩʬʦʨʤʫʚʘʣʘ ʧʨʦʛʥʦʟ ʧʦʛʦʜʠ 

ʪʘ ʚʠʟʥʘʯʠʣʘ ʦʧʪʠʤʘʣʴʥʠʡ ʜʝʥʴ (2026-04-05 ʚ ʦʙʦʭ ʟʘʧʫʩʢʘʭ); (3) ʧʦʙʫʜʫʚʘʣʘ 

ʧʽʰʦʭʽʜʥʠʡ ʤʘʨʰʨʫʪ ʪʘ ʟʛʝʥʝʨʫʚʘʣʘ HTML-ʢʘʨʪʫ; (4) ʩʬʦʨʤʫʚʘʣʘ 

ʨʝʢʦʤʝʥʜʘʮʽʾ ʟ ʙʝʟʧʝʢʠ. 

ʂʣʶʯʦʚʽ ʩʧʦʩʪʝʨʝʞʝʥʥʷ: ʚʠʙʽʨ ʦʧʪʠʤʘʣʴʥʦʛʦ ʜʥʷ ʻ ʜʝʪʝʨʤʽʥʦʚʘʥʠʤ ʟʘ 

ʥʝʟʤʽʥʥʠʭ ʧʦʛʦʜʥʠʭ ʜʘʥʠʭ (AHP ʜʘʻ ʚʽʜʪʚʦʨʶʚʘʥʠʡ ʨʝʟʫʣʴʪʘʪ); ʩʝʤʘʥʪʠʯʥʝ 

ʷʜʨʦ ʚʽʜʧʦʚʽʜʽ (ʤʘʨʰʨʫʪ, ʢʦʦʨʜʠʥʘʪʠ, ʨʝʢʦʤʝʥʜʘʮʽʾ) ʚʽʜʪʚʦʨʶʻʪʴʩʷ ʤʽʞ 

ʟʘʧʫʩʢʘʤʠ; ʷʢʽʩʪʴ ʚʽʜʧʦʚʽʜʽ ʟʘʣʝʞʠʪʴ ʚʽʜ ʩʧʝʮʠʬʽʢʘʮʽʾ ʟʘʧʠʪʫ; ʽʟʦʣʴʦʚʘʥʝ 

ʪʝʩʪʫʚʘʥʥʷ ʯʝʨʝʟ MCP Inspector ʜʦʟʚʦʣʷʻ ʣʦʢʘʣʽʟʫʚʘʪʠ ʧʦʤʠʣʢʠ ʢʦʥʬʽʛʫʨʘʮʽʾ. 

ʂʣʶʯʦʚʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ: FSM ï 7 ʜʝʪʝʨʤʽʥʦʚʘʥʠʭ ʩʪʘʥʽʚ ʪʘ 8 ʧʝʨʝʭʦʜʽʚ; 

DAG ï 2 ʥʝʟʘʣʝʞʥʠʭ ʽʥʩʪʨʫʤʝʥʪʠ ʥʘ ʨʽʚʥʽ 1 + 5 ʟʘʣʝʞʥʠʭ ʥʘ ʨʽʚʥʽ 2; MCP ï 5 

ʽʟʦʣʴʦʚʘʥʠʭ ʩʝʨʚʝʨʽʚ (ʧʨʠʥʮʠʧ ʚʽʜʢʨʠʪʦʩʪʽ/ʟʘʢʨʠʪʦʩʪʽ); RAG ï ChromaDB + 

ʨʝʟʝʨʚʥʠʡ ʧʦʰʫʢ ʟʘ ʢʣʶʯʦʚʠʤʠ ʩʣʦʚʘʤʠ. 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʪʘ ʨʝʘʣʽʟʦʚʘʥʦ ʛʽʙʨʠʜʥʫ ʘʨʭʽʪʝʢʪʫʨʫ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʛʝʥʪʘ, ʱʦ ʧʦʻʜʥʫʻ FSM ʜʣʷ ʜʝʪʝʨʤʽʥʦʚʘʥʦʛʦ ʢʝʨʫʚʘʥʥʷ 

ʧʦʪʦʢʦʤ ʪʘ DAG ʜʣʷ ʢʦʥʢʫʨʝʥʪʥʦʛʦ ʚʠʢʦʥʘʥʥʷ ʽʥʩʪʨʫʤʝʥʪʽʚ. ʇʽʜʭʽʜ ʜʦʣʘʻ 

ʢʣʶʯʦʚʽ ʦʙʤʝʞʝʥʥʷ ʤʝʪʦʜʽʚ ReAct, Plan-and-Execute ʪʘ Tree of Thoughts: 

ʟʘʙʝʟʧʝʯʫʻ ʬʦʨʤʘʣʴʥʫ ʢʝʨʦʚʘʥʽʩʪʴ ʧʦʚʝʜʽʥʢʠ ʘʛʝʥʪʘ, ʬʽʟʠʯʥʫ ʽʟʦʣʷʮʽʶ ʩʝʨʚʽʩʽʚ 

ʯʝʨʝʟ MCP-ʧʨʦʪʦʢʦʣ ʪʘ ʝʬʝʢʪʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʨʝʩʫʨʩʽʚ. 

ʇʨʘʢʪʠʯʥʘ ʟʥʘʯʫʱʽʩʪʴ ʧʦʣʷʛʘʻ ʫ ʤʦʞʣʠʚʦʩʪʽ ʧʨʷʤʦʛʦ ʧʝʨʝʥʝʩʝʥʥʷ 

ʘʨʭʽʪʝʢʪʫʨʠ ʥʘ ʽʥʰʽ ʜʦʤʝʥʠ, ʜʝ ʥʝʦʙʭʽʜʥʘ ʙʘʛʘʪʦʢʨʦʢʦʚʘ ʦʙʨʦʙʢʘ ʟʘʧʠʪʽʚ ʽʟ 

ʧʘʨʘʣʝʣʴʥʠʤ ʟʘʣʫʯʝʥʥʷʤ ʟʦʚʥʽʰʥʽʭ ʽʥʩʪʨʫʤʝʥʪʽʚ. ʅʘʧʨʷʤʠ ʧʦʜʘʣʴʰʦʛʦ 

ʨʦʟʚʠʪʢʫ: ʨʝʟʝʨʚʥʽ ʧʨʦʚʘʡʜʝʨʠ ʟʦʚʥʽʰʥʽʭ API, ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʡ ʧʘʡʧʣʘʡʥ 

ʦʥʦʚʣʝʥʥʷ ʚʝʢʪʦʨʥʦʾ ʙʘʟʠ ʟʥʘʥʴ, ʬʦʨʤʘʣʴʥʘ benchmark-ʦʮʽʥʢʘ ʪʦʯʥʦʩʪʽ. 
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ɺʩʪʫʧ 

ɹʝʟʢʦʰʪʦʚʥʽ ʭʤʘʨʥʽ ʩʭʦʚʠʱʘ ï Google Drive (15 ɻɹ) ʪʘ OneDrive (5 ɻɹ) 

ï ʤʘʶʪʴ ʩʫʪʪʻʚʦ ʦʙʤʝʞʝʥʫ ʢʚʦʪʫ. ʌʘʡʣ ʨʦʟʤʽʨʦʤ, ʥʘʧʨʠʢʣʘʜ, 18 ɻɹ ʬʽʟʠʯʥʦ ʥʝ 

ʧʦʤʽʱʘʻʪʴʩʷ ʥʘ ʞʦʜʝʥ ʟ ʮʠʭ ʜʠʩʢʽʚ ʦʢʨʝʤʦ. ɺʦʜʥʦʯʘʩ, ʞʦʜʝʥ ʟ ʽʩʥʫʶʯʠʭ 

ʤʝʥʝʜʞʝʨʽʚ ʭʤʘʨʥʠʭ ʩʭʦʚʠʱ (MultCloud, Rclone, ODrive) ʥʝ ʤʘʻ ʨʝʘʣʽʟʦʚʘʥʦʛʦ 

ʧʦʚʥʦʮʽʥʥʦʛʦ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʨʦʟʙʠʪʪʷ ʦʜʥʦʛʦ ʬʘʡʣʫ ʤʽʞ ʭʤʘʨʘʤʠ ʨʽʟʥʠʭ 

ʧʨʦʚʘʡʜʝʨʽʚ ʟ ʨʝʧʣʽʢʘʮʽʻʶ ʜʣʷ ʚʽʜʤʦʚʦʩʪʽʡʢʦʩʪʽ [5]. 

ʈʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ Cloudly ʚʠʨʽʰʫʻ ʮʶ ʧʨʦʙʣʝʤʫ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʤʝʭʘʥʽʟʤʫ ʨʦʟʧʦʜʽʣʝʥʦʛʦ ʟʘʚʘʥʪʘʞʝʥʥʷ: ʘʚʪʦʤʘʪʠʟʦʚʘʥʝ ʨʦʟʜʽʣʝʥʥʷ ʬʘʡʣʽʚ 

(ʩʝʛʤʝʥʪʠ), ʟʙʝʨʽʛʘʥʥʷ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʢʚʦʪ, 2Ĭ ʨʝʧʣʽʢʘʮʽʷ ʪʘ ʚʽʜʥʦʚʣʝʥʥʷ ʥʘ 

ʦʩʥʦʚʽ ʬʘʡʣʫ ʤʘʥʽʬʝʩʪʫ [1]. 

ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ 

Cloudly ï ʮʝ ʧʨʦʛʨʘʤʘ ʥʘ ʦʩʥʦʚʽ Electron ʽʟ ʦʨʛʘʥʽʟʦʚʘʥʦʶ 

ʙʘʛʘʪʦʨʽʚʥʝʚʦʶ ʘʨʭʽʪʝʢʪʫʨʦʶ. ʈʽʚʝʥʴ ʽʥʪʝʨʬʝʡʩʫ ʢʦʨʠʩʪʫʚʘʯʘ (ʨʝʥʜʝʨʝʨ) 



77 

 

ʩʧʽʣʢʫʻʪʴʩʷ ʟ ʦʩʥʦʚʥʠʤ ʧʨʦʮʝʩʦʤ ʯʝʨʝʟ ʤʽʩʪ IPC. ʉʝʨʮʝʤ ʩʠʩʪʝʤʠ ʻ ʩʣʫʞʙʘ 

VirtualFS (vfs.service.js), ʷʢʘ ʤʽʩʪʠʪʴ ʫʩʽ ʨʦʟʧʦʜʽʣʝʥʽ ʘʣʛʦʨʠʪʤʠ ʟʙʝʨʽʛʘʥʥʷ. 

ʅʘʡʥʠʞʯʠʡ ʨʽʚʝʥʴ ï ʮʝ ʘʜʘʧʪʝʨʠ CloudProvider, ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ 

ʢʦʞʥʦʛʦ ʧʦʩʪʘʯʘʣʴʥʠʢʘ [2, 6]. 

ʂʣʶʯʦʚʽ ʤʝʪʦʜʠ VirtualFS: 

¶ uploadDistributed() ï ʨʦʟʙʠʪʪʷ ʬʘʡʣʫ ʪʘ ʟʘʚʘʥʪʘʞʝʥʥʷ ʧʦ ʯʘʩʪʠʥʘʭ; 

¶ reconstructDistributedToFile() ï ʚʽʜʥʦʚʣʝʥʥʷ ʬʘʡʣʫ ʟ ʯʘʩʪʠʥ; 

¶ deleteDistributedByManifestFileId() ï ʚʠʜʘʣʝʥʥʷ ʚʩʽʭ ʨʝʧʣʽʢ; 

¶ loadManifestByFileId() ï ʯʠʪʘʥʥʷ manifest ʬʘʡʣʫ ʟ ʭʤʘʨʠ. 

 
ʈʠʩ. 1. ʐʘʨʦʚʘ ʘʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ Cloudly (ɸʚʪʦʨʩʴʢʘ ʨʦʟʨʦʙʢʘ) 

ɸʣʛʦʨʠʪʤ ʨʦʟʧʦʜʽʣʝʥʦʛʦ ʟʘʚʘʥʪʘʞʝʥʥʷ 

ʇʝʨʝʜ ʟʘʚʘʥʪʘʞʝʥʥʷʤ ʩʠʩʪʝʤʘ ʧʝʨʝʚʽʨʷʻ, ʯʠ ʚʤʽʱʫʻʪʴʩʷ ʬʘʡʣ ʥʘ 

ʦʙʨʘʥʠʡ ʜʠʩʢ. ʗʢʱʦ ʥʽ ï ʧʨʦʧʦʥʫʻʪʴʩʷ ʨʦʟʧʦʜʽʣʝʥʠʡ ʨʝʞʠʤ. ʆʩʥʦʚʥʠʡ ʮʠʢʣ 

ʤʝʪʦʜʫ uploadDistributed() ʽʪʝʨʘʪʠʚʥʦ ʬʦʨʤʫʻ ʩʝʛʤʝʥʪʠ ʬʘʡʣʫ ʟ ʫʨʘʭʫʚʘʥʥʷʤ 

ʪʘʢʠʭ ʧʘʨʘʤʝʪʨʽʚ [1, 3]: 

¶ MAX_CHUNK = 32 ʄɹ - ʤʘʢʩʠʤʘʣʴʥʠʡ ʨʦʟʤʽʨ ʦʜʥʽʻʾ ʯʘʩʪʠʥʠ; 

¶ MIN_CHUNK = 256 ʂɹ - ʤʽʥʽʤʘʣʴʥʠʡ ʨʦʟʤʽʨ (ʟʘʧʦʙʽʛʘʻ ʤʽʢʨʦʯʘʩʪʠʥʘʤ). 
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ʈʠʩ. 2. ɸʣʛʦʨʠʪʤ ʨʦʟʧʦʜʽʣʝʥʦʛʦ ʟʘʚʘʥʪʘʞʝʥʥʷ (ɸʚʪʦʨʩʴʢʘ ʨʦʟʨʦʙʢʘ) 

ʇʨʦʮʝʩ ʚʠʙʦʨʫ ʜʠʩʢʘ ʻ ʞʘʜʽʙʥʠʤ: ʜʠʩʢʠ ʩʦʨʪʫʶʪʴʩʷ ʟʘ ʢʚʦʪʦʶ, ʱʦ 

ʟʘʣʠʰʠʣʘʩʷ, ʫ ʧʦʨʷʜʢʫ ʩʧʘʜʘʥʥʷ, ʽ ʚʠʙʠʨʘʶʪʴʩʷ ʜʚʘ ʜʠʩʢʠ ʟ ʥʘʡʙʽʣʴʰʠʤ 

ʚʽʣʴʥʠʤ ʤʽʩʮʝʤ. ʇʽʩʣʷ ʚʠʜʽʣʝʥʥʷ, ʾʭ ʟʘʣʠʰʦʢ ʟʤʝʥʰʫʻʪʴʩʷ ʥʘ ʨʦʟʤʽʨ ʧʦʪʦʯʥʦʾ 

ʯʘʩʪʠʥʠ ʜʣʷ ʧʨʘʚʠʣʴʥʦʛʦ ʧʣʘʥʫʚʘʥʥʷ ʥʘʩʪʫʧʥʠʭ ʽʪʝʨʘʮʽʡ [4]. 

ʂʦʞʥʘ ʯʘʩʪʠʥʘ ʦʪʨʠʤʫʻ ʫʥʽʢʘʣʴʥʝ ʽʤ'ʷ ʟʘ ʢʦʥʚʝʥʮʽʻʶ: ʦʩʥʦʚʥʘ ʢʦʧʽʷ 

ʟʙʝʨʽʛʘʻʪʴʩʷ ʷʢ {name}.cloudly.part-{NNNNN}, ʘ ʨʝʧʣʽʢʘ ï ʷʢ 

{name}.cloudly.part-{NNNNN}.replica. Manifest-ʬʘʡʣ 

{name}.cloudly.manifest.json ʨʦʟʤʽʱʫʻʪʴʩʷ ʥʘ ʚʩʽʭ ʜʠʩʢʘʭ, ʟʘʜʽʷʥʠʭ ʫ 

ʟʙʝʨʽʛʘʥʥʽ, ʱʦ ʛʘʨʘʥʪʫʻ ʡʦʛʦ ʜʦʩʪʫʧʥʽʩʪʴ ʧʨʠ ʚʽʜʥʦʚʣʝʥʥʽ [4]. 

ɺʽʜʤʦʚʦʩʪʽʡʢʽʩʪʴ ʪʘ ʮʽʣʽʩʥʽʩʪʴ ʜʘʥʠʭ 

ʇʝʨʝʚʽʨʢʘ ʮʽʣʽʩʥʦʩʪʽ ʧʦʪʦʢʦʚʦʛʦ ʧʝʨʝʜʘʚʘʥʥʷ ʧʽʜʪʨʠʤʫʻʪʴʩʷ 

ʚʽʜʥʦʚʣʝʥʥʷʤ ʬʘʡʣʫ: ʭʝʰ SHA-256 ʢʦʞʥʦʾ ʯʘʩʪʠʥʠ ʦʙʯʠʩʣʶʻʪʴʩʷ ʧʽʜ ʯʘʩ 

ʧʦʪʦʢʦʚʦʾ ʧʝʨʝʜʘʯʽ ʯʝʨʝʟ ʧʦʪʽʢ Transform ʙʝʟ ʙʫʬʝʨʠʟʘʮʽʾ ʚʩʽʻʾ ʯʘʩʪʠʥʠ ʚ 

ʧʘʤôʷʪʽ. ʗʢʱʦ ʭʝʰ ʥʝ ʟʙʽʛʘʻʪʴʩʷ ʟ ʪʠʤ, ʱʦ ʟʘʧʠʩʘʥʦ ʚ ʤʘʥʽʬʝʩʪʽ, ʩʠʩʪʝʤʘ 

ʘʚʪʦʤʘʪʠʯʥʦ ʧʝʨʝʭʦʜʠʪʴ ʥʘ ʽʥʰʫ ʨʝʧʣʽʢʫ. 
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ʅʘ ʩʠʩʪʝʤʫ ʥʝ ʚʧʣʠʥʫʪʴ ʪʘʢʽ ʩʮʝʥʘʨʽʾ ʟʙʦʶ: ʚʽʜʩʫʪʥʽʩʪʴ ʦʜʥʦʛʦ ʜʠʩʢʘ 

ʧʽʜ ʯʘʩ ʟʘʚʘʥʪʘʞʝʥʥʷ (ʬʨʘʛʤʝʥʪ ʨʦʟʤʽʱʫʻʪʴʩʷ ʥʘ ʽʥʰʠʭ ʜʠʩʢʘʭ ʽʟ ʢʚʦʪʦʶ); 

ʚʽʜʩʫʪʥʽʩʪʴ ʜʠʩʢʘ ʧʽʜ ʯʘʩ ʚʽʜʥʦʚʣʝʥʥʷ (ʟʘʚʘʥʪʘʞʝʥʥʷ ʟ ʨʝʧʣʽʢʠ); ʧʦʰʢʦʜʞʝʥʥʷ 

ʜʘʥʠʭ (ʥʝʚʽʜʧʦʚʽʜʥʽʩʪʴ SHA-256 ï ʨʝʟʝʨʚʥʘ ʨʝʧʣʽʢʘ); ʚʽʜʢʣʶʯʝʥʥʷ ʧʽʜ ʯʘʩ 

ʟʘʚʘʥʪʘʞʝʥʥʷ (ʧʦʚʥʠʡ ʚʽʜʢʘʪ ï ʚʠʜʘʣʝʥʥʷ ʚʩʽʭ ʩʪʚʦʨʝʥʠʭ ʯʘʩʪʠʥ) [4]. 

Manifest-ʧʨʦʪʦʢʦʣ ʪʘ ʚʽʜʦʙʨʘʞʝʥʥʷ ʫ UI 

ʄʘʥʽʬʝʩʪ (ʬʘʡʣ .json, ʙʣʠʟʴʢʦ 1ï3 ʂɹ) ʟʙʝʨʽʛʘʻ ʧʦʚʥʫ ʢʘʨʪʫ ʰʣʷʭʫ ʜʦ 

ʬʘʡʣʫ: ʧʝʨʝʣʽʢ ʫʩʽʭ ʬʨʘʛʤʝʥʪʽʚ ʨʘʟʦʤ ʽʟ ʾʭʥʽʤ ʭʝʰʝʤ, ʨʦʟʤʽʨʦʤ ʽ ʧʦʩʠʣʘʥʥʷʤʠ 

ʥʘ ʢʦʧʽʾ ʜʠʩʢʽʚ. ʎʝ ʜʘʻ ʟʤʦʛʫ ʽʥʪʝʨʬʝʡʩʫ ʢʦʨʠʩʪʫʚʘʯʘ ʚʢʘʟʫʚʘʪʠ ʜʣʷ ʢʦʞʥʦʛʦ 

ʨʦʟʧʦʜʽʣʝʥʦʛʦ ʬʘʡʣʫ ʥʝ ʣʠʰʝ ʧʦʚʥʠʡ ʨʦʟʤʽʨ, ʘʣʝ ʡ ʨʝʘʣʴʥʝ ʣʦʢʘʣʴʥʝ 

ʚʠʢʦʨʠʩʪʘʥʥʷ, ʪʦʙʪʦ ʢʽʣʴʢʽʩʪʴ ʤʽʩʮʷ, ʟʘʡʥʷʪʦʛʦ ʯʘʩʪʠʥʘʤʠ ʟ ʢʦʧʽʻʶ ʥʘ 

ʧʦʪʦʯʥʦʤʫ ʜʠʩʢʫ [3]. 

ɺʠʩʥʦʚʦʢ 

ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʩʠʩʪʝʤʘ ʤʦʞʝ ʙʫʪʠ ʢʦʨʠʩʥʦʶ ʫ ʰʠʨʦʢʦʤʫ ʢʦʣʽ 

ʧʨʘʢʪʠʯʥʠʭ ʩʮʝʥʘʨʽʾʚ: ʜʣʷ ʟʙʝʨʽʛʘʥʥʷ ʚʝʣʠʢʠʭ ʤʝʜʽʘʬʘʡʣʽʚ ï ʚʽʜʝʦ, ʘʨʭʽʚʽʚ, 

ʨʝʟʝʨʚʥʠʭ ʢʦʧʽʡ -ʢʦʣʠ ʞʦʜʥʝ ʦʢʨʝʤʝ ʙʝʟʢʦʰʪʦʚʥʝ ʩʭʦʚʠʱʝ ʥʝ ʤʘʻ ʜʦʩʪʘʪʥʴʦʾ 

ʢʚʦʪʠ; ʜʣʷ ʩʪʫʜʝʥʪʽʚ ʪʘ ʚʠʢʣʘʜʘʯʽʚ, ʷʢʽ ʧʨʘʮʶʶʪʴ ʟ ʢʽʣʴʢʦʤʘ ʦʙʣʽʢʦʚʠʤʠ 

ʟʘʧʠʩʘʤʠ ʭʤʘʨʥʠʭ ʩʝʨʚʽʩʽʚ ʽ ʭʦʯʫʪʴ ʦʙôʻʜʥʘʪʠ ʾʭ ʻʤʥʽʩʪʴ ʙʝʟ ʜʦʜʘʪʢʦʚʠʭ 

ʚʠʪʨʘʪ; ʘ ʪʘʢʦʞ ʷʢ ʦʩʥʦʚʘ ʜʣʷ ʩʠʩʪʝʤ ʨʝʟʝʨʚʥʦʛʦ ʢʦʧʽʶʚʘʥʥʷ ʟ ʚʙʫʜʦʚʘʥʦʶ 

ʚʽʜʤʦʚʦʩʪʽʡʢʽʩʪʶ. ʆʩʢʽʣʴʢʠ ʩʠʩʪʝʤʘ ʧʨʘʮʶʻ ʥʘ ʩʪʘʥʜʘʨʪʥʠʭ API, ʱʦ 

ʥʘʜʘʶʪʴʩʷ Google Drive ʪʘ OneDrive, ʜʣʷ ʾʾ ʨʦʙʦʪʠ ʥʝ ʧʦʪʨʽʙʥʘ ʦʢʨʝʤʘ ʩʝʨʚʝʨʥʘ 

ʩʠʩʪʝʤʘ, ʽ ʚʦʥʘ ʧʦʚʥʽʩʪʶ ʢʝʨʫʻʪʴʩʷ ʢʦʨʠʩʪʫʚʘʯʝʤ. ʑʦʜʦ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ, 

ʥʘʡʙʽʣʴʰ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʥʘʧʨʷʤʦʤ ʻ ʚʧʨʦʚʘʜʞʝʥʥʷ erasure coding (ʟʦʢʨʝʤʘ 

ʩʭʝʤʠ Reed-Solomon 2+1), ʱʦ ʜʦʟʚʦʣʠʪʴ ʟʙʝʨʝʛʪʠ ʚʽʜʤʦʚʦʩʪʽʡʢʽʩʪʴ, ʘʣʝ 

ʟʥʠʟʠʪʠ ʥʘʢʣʘʜʥʽ ʚʠʪʨʘʪʠ ʥʘ ʟʙʝʨʽʛʘʥʥʷ ʟ 100% ʜʦ ʧʨʠʙʣʠʟʥʦ 50%. ʆʢʨʽʤ 

ʮʴʦʛʦ, ʚʘʨʪʦ ʨʦʟʛʣʷʥʫʪʠ ʧʘʨʘʣʝʣʴʥʝ ʟʘʚʘʥʪʘʞʝʥʥʷ ʢʽʣʴʢʦʭ chunks ʦʜʥʦʯʘʩʥʦ 

ʜʣʷ ʧʨʠʰʚʠʜʰʝʥʥʷ ʨʦʙʦʪʠ ʥʘ ʰʚʠʜʢʠʭ ʢʘʥʘʣʘʭ, ʤʝʭʘʥʽʟʤ çresumable uploadè 

ʜʣʷ ʚʽʜʥʦʚʣʝʥʥʷ ʧʽʩʣʷ ʦʙʨʠʚʫ ʟôʻʜʥʘʥʥʷ, ʘ ʪʘʢʦʞ ʰʠʬʨʫʚʘʥʥʷ ʯʘʩʪʠʥ ʬʘʡʣʫ ʥʘ 

ʩʪʦʨʦʥʽ ʢʣʽʻʥʪʘ ʧʝʨʝʜ ʚʽʜʧʨʘʚʢʦʶ -ʱʦ ʟʨʦʙʠʪʴ ʩʠʩʪʝʤʫ ʧʨʠʜʘʪʥʦʶ ʽ ʜʣʷ 

ʟʙʝʨʽʛʘʥʥʷ ʢʦʥʬʽʜʝʥʮʽʡʥʠʭ ʜʘʥʠʭ [2, 5]. 
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ɺʩʪʫʧ ʪʘ ʘʢʪʫʘʣʴʥʽʩʪʴ 

ʅʘ ʩʴʦʛʦʜʥʽ ʙʝʟʧʽʣʦʪʥʽ ʣʽʪʘʣʴʥʽ ʘʧʘʨʘʪʠ (ɹʇʃɸ) ʩʪʘʣʠ ʢʨʠʪʠʯʥʦ 

ʚʘʞʣʠʚʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʫ ʢʦʥʪʝʢʩʪʽ ʚʽʡʥʠ ʨʦʩʽʾ ʧʨʦʪʠ ʋʢʨʘʾʥʠ. ɹʇʃɸ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ: ʮʠʚʽʣʴʥʦʾ ʙʝʟʧʝʢʠ, ʤʦʥʽʪʦʨʠʥʛʫ ʪʝʨʠʪʦʨʽʡ, ʧʦʰʫʢʦʚʦ-

ʨʷʪʫʚʘʣʴʥʠʭ ʦʧʝʨʘʮʽʡ ʪʘ ʚʠʢʦʥʘʥʥʷ ʨʽʟʥʠʭ ʚʽʡʩʴʢʦʚʠʭ ʟʘʚʜʘʥʴ. ʆʙʤʝʞʝʥʽʩʪʴ 

ʣʶʜʩʴʢʦʛʦ ʨʝʩʫʨʩʫ ʪʘ ʥʝʦʙʭʽʜʥʽʩʪʴ ʤʠʪʪʻʚʦʾ ʨʝʘʢʮʽʾ ʟʫʤʦʚʣʶʶʪʴ ʧʦʪʨʝʙʫ ʚ 

ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʘʥʘʣʽʟʫ ʟʦʙʨʘʞʝʥʴ ʫ ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 

ʄʝʪʦʜʠ ʧʨʦʩʪʦʨʦʚʦʾ ʦʧʪʠʤʽʟʘʮʽʾ 

ɼʣʷ ʧʽʜʚʠʱʝʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʤʝʥʰʦʾ ʟʘʪʨʘʪʠ ʝʥʝʨʛʽʾ, ʜʦʮʽʣʴʥʦ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ  ʨʦʟʙʠʪʪʷ ʧʨʦʩʪʦʨʫ ʟʘ ʜʦʧʦʤʦʛʦʶ Q-ʜʝʨʝʚ (Quadtrees). ʎʝ 

ʜʦʟʚʦʣʷʻ ʨʝʘʣʽʟʫʚʘʪʠ ʤʝʭʘʥʽʟʤ ʚʠʙʽʨʢʦʚʦʛʦ ʘʥʘʣʽʟʫ ʢʘʜʨʽʚ, ʜʝ ʘʢʪʠʚʘʮʽʷ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʚʽʜʙʫʚʘʻʪʴʩʷ ʣʠʰʝ ʫ ʚʫʟʣʘʭ ʟ ʚʠʩʦʢʦʶ ʜʝʣʴʪʦʶ 

ʽʥʪʝʥʩʠʚʥʦʩʪʽ ʧʽʢʩʝʣʽʚ. ʂʨʠʪʝʨʽʡ ʧʨʦʧʫʩʢʫ ʦʙʨʦʙʢʠ  ʦʙʯʠʩʣʶʻʪʴʩʷ ʟʘ 

ʬʦʨʤʫʣʦʶ: 

https://www.electronjs.org/docs/latest
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     (1) 

ɺʠʷʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ ʪʘ ʩʧʦʩʪʝʨʝʞʝʥʥʷ ʟʘ ʥʠʤʠ 

ɸʣʛʦʨʠʪʤ YOLO (You Only Look Once) ð ʮʝ ʰʚʠʜʢʘ ʪʘ ʝʬʝʢʪʠʚʥʘ 

ʤʦʜʝʣʴ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ. ʉʘʤʝ  YOLOv8n ʟʘʙʝʟʧʝʯʫʻ ʦʧʪʠʤʘʣʴʥʠʡ 

ʙʘʣʘʥʩ ʤʽʞ ʪʦʯʥʽʩʪʶ ʪʘ ʰʚʠʜʢʽʩʪʶ ʦʙʯʠʩʣʝʥʴ. ɼʣʷ ʩʪʘʙʽʣʽʟʘʮʽʾ ʽʜʝʥʪʠʬʽʢʘʮʽʾ 

ʧʨʠ ʧʝʨʝʰʢʦʜʘʭ ʯʠ ʧʝʨʝʢʨʠʪʪʷʭ ʽʥʪʝʛʨʦʚʘʥʦ ʘʣʛʦʨʠʪʤ ByteTrack, ʷʢʠʡ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʬʽʣʴʪʨ ʂʘʣʤʘʥʘ ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʚʝʢʪʦʨʘ ʩʪʘʥʫ ʦʙôʻʢʪʘ. 

ɸʥʘʣʽʟ ʩʪʘʪʽ 

ʆʩʢʽʣʴʢʠ ʽʜʝʥʪʠʬʽʢʘʮʽʷ ʦʙʣʠʯʯʷ ʟ ɹʇʃɸ ʯʘʩʪʦ ʻ ʥʝʤʦʞʣʠʚʦʶ ʯʝʨʝʟ 

ʨʘʢʫʨʩ ʘʙʦ ʥʠʟʴʢʫ ʨʦʟʜʽʣʴʥʫ ʟʜʘʪʥʽʩʪʴ, ʫ ʮʽʡ ʨʦʙʦʪʽ ʨʝʘʣʽʟʦʚʘʥʦ ʤʝʪʦʜ 

ʚʠʟʥʘʯʝʥʥʷ ʩʪʘʪʽ ʥʘ ʦʩʥʦʚʽ ʩʠʣʫʝʪʥʠʭ ʧʨʦʧʦʨʮʽʡ. ʂʣʶʯʦʚʠʤ ʧʘʨʘʤʝʪʨʦʤ ʻ 

ʢʦʝʬʽʮʽʻʥʪ ʟʚʫʞʝʥʥʷ, ʱʦ ʦʙʯʠʩʣʶʻʪʴʩʷ ʷʢ ʚʽʜʥʦʰʝʥʥʷ ʰʠʨʠʥʠ ʧʣʝʯʦʚʦʛʦ 

ʧʦʷʩʫ ʜʦ ʰʠʨʠʥʠ ʪʘʣʽʾ ʦʙ'ʻʢʪʘ, ʘ ʩʘʤʝ ʟʘ ʬʦʨʤʫʣʦʶ: 

        (2) 

ʂʣʘʩʠʬʽʢʘʮʽʷ ʣʶʜʠʥʘ/ʪʚʘʨʠʥʘ 

ʉʠʩʪʝʤʘ ʧʽʜʪʨʠʤʫʻ ʜʝʪʝʢʮʽʶ ʪʚʘʨʠʥ. ʇʽʩʣʷ ʚʠʷʚʣʝʥʥʷ ʢʣʘʩʫ çAnimalè 

ʟʘ ʜʦʧʦʤʦʛʦʶ YOLOv8, ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʘʣʛʦʨʠʪʤ ʘʥʘʣʽʟʫ ʛʝʦʤʝʪʨʠʯʥʠʭ 

ʧʨʠʢʤʝʪ (ʚʽʜʥʦʰʝʥʥʷ ʜʦʚʞʠʥʠ ʪʽʣʘ ʜʦ ʚʠʩʦʪʠ) ʪʘ ʧʘʪʝʨʥʽʚ ʨʫʭʫ. ʎʝ ʜʦʟʚʦʣʷʻ 

ʜʠʬʝʨʝʥʮʽʶʚʘʪʠ ʧʝʚʥʽ ʚʠʜʠ ʪʚʘʨʠʥ (ʢʽʪ, ʩʦʙʘʢʘ). ʎʝ ʟʨʦʙʣʝʥʦ ʟ ʤʝʪʦʶ 

ʟʘʧʦʙʽʛʪʠ ʧʦʤʠʣʢʦʚʦʤʫ ʚʠʷʚʣʝʥʥʶ ʦʙᾷʻʢʪʘ, ʷʢʠʡ ʥʘʩ ʥʝ ʮʽʢʘʚʠʪʴ. 

ɸʥʘʣʽʟ ʘʪʨʠʙʫʪʽʚ 

ʆʩʢʽʣʴʢʠ, ʤʠ ʛʦʚʦʨʠʤʦ ʧʨʦ ʤʦʞʣʠʚʽʩʪʴ ʧʦʜʘʣʴʰʦʾ ʽʥʪʝʛʨʘʮʽʾ ʜʘʥʦʾ 

ʧʨʦʛʨʘʤʠ ʜʦ ʩʠʩʪʝʤ ɹʇʃɸ, ʥʝʦʙʭʽʜʥʦ ʘʜʘʧʪʦʚʫʚʘʪʠ ʘʥʘʣʽʟ ʘʪʨʠʙʫʪʽʚ ʜʦ 

ʧʨʦʙʣʝʤ ʩʴʦʛʦʜʝʥʥʷ. ʊʦʤʫ ʙʫʣʦ ʨʝʘʣʽʟʦʚʘʥʦ ʧʦʜʽʣ ʥʘ Civilian/Military.  

ɼʠʬʝʨʝʥʮʽʘʮʽʷ ʮʠʚʽʣʴʥʦʛʦ ʪʘ ʚʽʡʩʴʢʦʚʦʛʦ ʦʜʷʛʫ ʟʜʽʡʩʥʶʻʪʴʩʷ ʯʝʨʝʟ 

ʩʢʦʨʠʥʛʦʚʫ ʤʦʜʝʣʴ ʪʝʢʩʪʫʨʥʦʛʦ ʘʥʘʣʽʟʫ: 

   (3) 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʜʠʩʧʝʨʩʽʾ ʃʘʧʣʘʩʽʘʥʘ ʪʘ ʦʧʝʨʘʪʦʨʘ ʉʦʙʝʣʷ ʜʦʟʚʦʣʷʻ 

ʽʜʝʥʪʠʬʽʢʫʚʘʪʠ ʤʽʣʽʪʘʨʥʽ ʧʘʪʝʨʥʠ (ʩʘʤʝ ʄʄ-14). 
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ɺʠʩʥʦʚʢʠ 

ʈʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ ʟʘʙʝʟʧʝʯʫʻ ʯʘʩʪʦʪʫ ʦʙʨʦʙʢʠ ʚʽʜʝʦʧʦʪʦʢʫ 25ï30 FPS 

ʥʘ ʤʦʙʽʣʴʥʠʭ ʧʣʘʪʬʦʨʤʘʭ. ʇʦʻʜʥʘʥʥʷ ʬʽʣʴʪʨʘʮʽʾ ʟʘ ʜʦʧʦʤʦʛʦʶ Quadtree ʪʘ 

ʨʽʟʥʦʤʘʥʽʪʥʦʛʦ ʘʥʘʣʽʟʫ ʘʪʨʠʙʫʪʽʚ ʜʦʟʚʦʣʠʣʦ ʩʪʚʦʨʠʪʠ ʫʥʽʚʝʨʩʘʣʴʥʠʡ 

ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʘʚʪʦʥʦʤʥʦʛʦ ʚʽʜʩʪʝʞʫʚʘʥʥʷ ʟ ʪʦʯʥʽʩʪʶ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʧʦʥʘʜ 

75%. 

ʇʨʠʢʣʘʜʠ 

 

ʈʠʩ. 1. ɾʽʥʢʘ ʫ ʩʠʥʽʡ ʬʫʪʙʦʣʮʽ 

 

ʈʠʩ. 2. ʈʝʟʫʣʴʪʘʪ ʧʨʦʛʨʘʤʠ ʜʦ [ʨʠʩ.1] 

 

ʈʠʩ. 3. ʉʦʙʘʢʘ 

 

ʈʠʩ. 4. ʈʝʟʫʣʴʪʘʪ ʧʨʦʛʨʘʤʠ ʜʦ [ʨʠʩ.3] 
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ʈʠʩ. 5. ɾʦʜʥʠʭ ʦʙԁʻʢʪʽʚ ʥʝ ʚʠʷʚʣʝʥʦ, ʧʨʦ, ʱʦ ʩʚʽʜʯʠʪʴ ʚʝʨʭʥʷ ʧʘʥʝʣʴ 

 

ʈʠʩ. 6. ʈʝʟʫʣʴʪʘʪ ʧʨʦʛʨʘʤʠ, ʢʘʤʝʨʘ ʬʽʢʩʫʚʘʣʘ ʯʦʣʦʚʽʢʘ ʫ ʩʽʨʠʭ ʰʪʘʥʘʭ  

( ʧʽʜʜʦʩʣʽʜʥʠʡ ʥʝ ʜʦʟʚʦʣʠʚ ʚʩʪʘʚʠʪʠ ʡʦʛʦ ʬʦʪʦ) 
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ɺʩʪʫʧ 

ɸʚʪʦʤʘʪʠʟʦʚʘʥʠʡ ʘʥʘʣʽʟ ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʟʦʙʨʘʞʝʥʴ ʻ ʘʢʪʫʘʣʴʥʠʤ 

ʥʘʧʨʷʤʦʤ ʧʨʠʢʣʘʜʥʦʛʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʦʩʢʽʣʴʢʠ 

ʘʨʭʽʪʝʢʪʫʨʥʠʡ ʩʪʠʣʴ ʚʠʟʥʘʯʘʻʪʴʩʷ ʥʝ ʦʜʥʽʻʶ ʦʟʥʘʢʦʶ, ʘ ʩʫʢʫʧʥʽʩʪʶ ʬʦʨʤʠ, 

ʜʝʢʦʨʘʪʠʚʥʠʭ ʝʣʝʤʝʥʪʽʚ, ʧʨʦʧʦʨʮʽʡ, ʤʘʪʝʨʽʘʣʽʚ ʽ ʧʨʦʩʪʦʨʦʚʦʾ ʢʦʤʧʦʟʠʮʽʾ. ʅʘ 

ʧʨʘʢʪʠʮʽ ʢʦʨʠʩʪʫʚʘʯʝʚʽ ʥʝʜʦʩʪʘʪʥʴʦ ʦʪʨʠʤʘʪʠ ʣʠʰʝ ʥʘʟʚʫ ʩʪʠʣʶ: ʨʝʟʫʣʴʪʘʪ 

ʤʘʻ ʙʫʪʠ ʧʦʜʘʥʠʡ ʟʨʦʟʫʤʽʣʦ, ʟ ʧʦʷʩʥʝʥʥʷʤ ʭʘʨʘʢʪʝʨʥʠʭ ʦʟʥʘʢ ʽ ʤʦʞʣʠʚʽʩʪʶ 

ʧʦʜʘʣʴʰʦʛʦ ʧʝʨʝʛʣʷʜʫ. ʊʦʤʫ ʚ ʤʝʞʘʭ ʨʦʙʦʪʠ ʨʦʟʨʦʙʣʝʥʦ ʚʝʙʟʘʩʪʦʩʫʥʦʢ 

ArchVisionAI, ʦʨʽʻʥʪʦʚʘʥʠʡ ʥʝ ʪʽʣʴʢʠ ʥʘ ʢʣʘʩʠʬʽʢʘʮʽʶ ʟʦʙʨʘʞʝʥʥʷ, ʘ ʡ ʥʘ 

ʥʘʦʯʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʜʣʷ ʢʽʥʮʝʚʦʛʦ ʢʦʨʠʩʪʫʚʘʯʘ. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʚʝʙʩʠʩʪʝʤʠ ʜʣʷ ʘʥʘʣʽʟʫ 

ʪʘ ʢʣʘʩʠʬʽʢʘʮʽʾ ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʩʪʠʣʽʚ ʥʘ ʦʩʥʦʚʽ ʪʝʭʥʦʣʦʛʽʡ ʢʦʤʧôʶʪʝʨʥʦʛʦ 

ʟʦʨʫ. ʉʠʩʪʝʤʘ ʧʦʻʜʥʫʻ ʥʝʡʨʦʤʝʨʝʞʝʚʝ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʘʨʭʽʪʝʢʪʫʨʥʦʛʦ ʩʪʠʣʶ, 

ʛʝʥʝʨʘʮʽʶ ʧʦʷʩʥʶʚʘʣʴʥʦʛʦ AI-ʦʧʠʩʫ, ʟʙʝʨʝʞʝʥʥʷ ʽʩʪʦʨʽʾ ʘʥʘʣʽʟʽʚ ʽ 

ʛʝʦʧʨʦʩʪʦʨʦʚʫ ʚʽʟʫʘʣʽʟʘʮʽʶ ʨʝʟʫʣʴʪʘʪʽʚ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʨʦʟʛʣʷʜʘʪʠ 

ʟʘʩʪʦʩʫʥʦʢ ʷʢ ʧʨʘʢʪʠʯʥʠʡ ʽʥʩʪʨʫʤʝʥʪ ʜʣʷ ʥʘʚʯʘʣʴʥʠʭ, ʪʫʨʠʩʪʠʯʥʠʭ, 

ʢʨʘʻʟʥʘʚʯʠʭ ʽ ʢʫʣʴʪʫʨʥʦ-ʦʩʚʽʪʥʽʭ ʩʮʝʥʘʨʽʾʚ ʚʠʢʦʨʠʩʪʘʥʥʷ. 

ʄʝʪʦʜʠ ʪʘ ʪʝʭʥʦʣʦʛʽʾ ʨʝʘʣʽʟʘʮʽʾ 

ʋ ʤʦʜʫʣʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʠʢʦʨʠʩʪʘʥʦ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʡ ʥʘʙʽʨ ʜʘʥʠʭ 

ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʩʪʠʣʽʚ, ʱʦ ʦʭʦʧʣʶʻ 25 ʢʣʘʩʽʚ ʽ ʤʽʩʪʠʪʴ ʧʦʥʘʜ 10 ʪʠʩ. ʟʦʙʨʘʞʝʥʴ 

[1]. ʅʘʙʽʨ ʜʘʥʠʭ ʦʭʦʧʣʶʻ, ʟʦʢʨʝʤʘ, ʛʦʪʠʯʥʫ, ʙʘʨʦʢʦʚʫ, ʚʽʟʘʥʪʽʡʩʴʢʫ ʡ 

ʧʦʩʪʤʦʜʝʨʥʫ ʘʨʭʽʪʝʢʪʫʨʫ, ʜʝʢʦʥʩʪʨʫʢʪʠʚʽʟʤ ʪʘ ʽʥʰʽ ʩʪʠʣʽ. ɼʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʟʘʩʪʦʩʦʚʘʥʦ ʘʨʭʽʪʝʢʪʫʨʠ EfficientNet-B0 ʪʘ ResNet-50, ʘ ʪʘʢʦʞ ʘʥʩʘʤʙʣʝʚʠʡ 

ʨʝʞʠʤ, ʫ ʷʢʦʤʫ ʡʤʦʚʽʨʥʦʩʪʽ ʢʣʘʩʽʚ ʚʽʜ ʜʚʦʭ ʤʦʜʝʣʝʡ ʫʩʝʨʝʜʥʶʶʪʴʩʷ ʜʣʷ 

ʦʪʨʠʤʘʥʥʷ ʩʪʘʙʽʣʴʥʽʰʦʛʦ ʧʨʦʛʥʦʟʫ [2, 3]. ɼʦʜʘʪʢʦʚʦ ʧʝʨʝʜʙʘʯʝʥʦ ʨʝʞʠʤ test-

time augmentation, ʟʘ ʷʢʦʛʦ ʜʣʷ ʦʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʬʦʨʤʫʶʪʴʩʷ ʢʽʣʴʢʘ 

ʚʘʨʽʘʥʪʽʚ ʚʭʽʜʥʠʭ ʜʘʥʠʭ. ʎʝ ʜʘʻ ʟʤʦʛʫ ʟʨʦʙʠʪʠ ʨʝʟʫʣʴʪʘʪ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʩʪʽʡʢʽʰʠʤ ʜʦ ʟʤʽʥ ʨʘʢʫʨʩʫ, ʦʩʚʽʪʣʝʥʥʷ ʪʘ ʥʝʟʥʘʯʥʠʭ ʣʦʢʘʣʴʥʠʭ ʚʠʢʨʠʚʣʝʥʴ. 

ʇʨʦʛʨʘʤʥʘ ʨʝʘʣʽʟʘʮʽʷ ʤʘʻ ʩʪʨʫʢʪʫʨʫ ʙʘʛʘʪʦʰʘʨʦʚʦʾ ʚʝʙʩʠʩʪʝʤʠ, 

ʫʟʘʛʘʣʴʥʝʥʫ ʥʘ ʨʠʩ. 1. ʉʝʨʚʝʨʥʫ ʯʘʩʪʠʥʫ ʨʝʘʣʽʟʦʚʘʥʦ ʤʦʚʦʶ Python ʽʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ Flask, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʤʘʨʰʨʫʪʠʟʘʮʽʶ, API-ʚʟʘʻʤʦʜʽʶ ʪʘ 
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ʽʥʪʝʛʨʘʮʽʶ ʟ ʤʦʜʫʣʝʤ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ [4]. ɼʣʷ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ ʽ 

ʚʠʢʦʥʘʥʥʷ ʥʝʡʨʦʤʝʨʝʞʝʚʠʭ ʦʙʯʠʩʣʝʥʴ ʟʘʩʪʦʩʦʚʘʥʦ PyTorch, NumPy ʪʘ Pillow. 

ʂʦʨʠʩʪʫʚʘʮʴʢʽ ʜʘʥʽ, ʽʩʪʦʨʽʷ ʟʘʧʠʪʽʚ ʽ ʩʪʠʣʽʩʪʠʯʥʽ ʚʧʦʜʦʙʘʥʥʷ ʟʙʝʨʽʛʘʶʪʴʩʷ ʫ 

SQLite, ʱʦ ʻ ʜʦʮʽʣʴʥʠʤ ʜʣʷ ʢʦʤʧʘʢʪʥʦʛʦ ʚʝʙʩʝʨʚʽʩʫ ʙʝʟ ʧʦʪʨʝʙʠ ʚ ʦʢʨʝʤʦʤʫ 

ʩʝʨʚʝʨʽ ʙʘʟʠ ʜʘʥʠʭ [5]. ʂʣʽʻʥʪʩʴʢʘ ʯʘʩʪʠʥʘ ʩʪʚʦʨʝʥʘ ʟʘʩʦʙʘʤʠ HTML, CSS ʽ 

JavaScript, ʘ ʽʥʪʝʨʘʢʪʠʚʥʫ ʢʘʨʪʫ ʜʣʷ ʧʨʦʩʪʦʨʦʚʦʾ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʨʝʟʫʣʴʪʘʪʽʚ 

ʨʝʘʣʽʟʦʚʘʥʦ ʟʘ ʜʦʧʦʤʦʛʦʶ Leaflet [6]. 

 
ʈʠʩ. 1. UML-ʜʽʘʛʨʘʤʘ ʢʦʤʧʦʥʝʥʪʽʚ ʘʨʭʽʪʝʢʪʫʨʠ ʟʘʩʪʦʩʫʥʢʫ 

ʇʨʝʜʩʪʘʚʣʝʥʥʷ ʚʝʙʟʘʩʪʦʩʫʥʢʫ ʪʘ ʨʝʟʫʣʴʪʘʪʽʚ ʘʥʘʣʽʟʫ. 

ʆʩʥʦʚʥʠʡ ʘʢʮʝʥʪ ʫ ʨʝʘʣʽʟʘʮʽʾ ʟʨʦʙʣʝʥʦ ʥʘ ʧʨʝʜʩʪʘʚʣʝʥʥʽ ʟʘʩʪʦʩʫʥʢʫ ʷʢ 

ʟʘʚʝʨʰʝʥʦʛʦ ʽʥʪʝʨʘʢʪʠʚʥʦʛʦ ʩʝʨʚʽʩʫ. ɯʥʪʝʨʬʝʡʩ ʤʽʩʪʠʪʴ ʙʣʦʢ ʚʠʙʦʨʫ ʤʦʜʝʣʽ, 

ʦʙʣʘʩʪʴ ʟʘʚʘʥʪʘʞʝʥʥʷ ʘʨʭʽʪʝʢʪʫʨʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʢʥʦʧʢʫ ʟʘʧʫʩʢʫ ʘʥʘʣʽʟʫ, 

ʢʘʨʪʢʫ ʨʝʟʫʣʴʪʘʪʫ, ʙʣʦʢ ʪʝʢʩʪʦʚʦʛʦ AI-ʧʦʩ̫ʥʝʥʥʷ, ʽʩʪʦʨʽʶ ʧʦʧʝʨʝʜʥʽʭ ʘʥʘʣʽʟʽʚ, 

ʩʪʘʪʠʩʪʠʢʫ ʢʦʨʠʩʪʫʚʘʯʘ ʪʘ ʽʥʪʝʨʘʢʪʠʚʥʫ ʢʘʨʪʫ. ʂʦʨʠʩʪʫʚʘʯ ʤʦʞʝ ʦʙʨʘʪʠ 

ʤʦʜʝʣʴ EfficientNet-B0, ResNet-50 ʘʙʦ Ensemble, ʘ ʪʘʢʦʞ ʟʘ ʧʦʪʨʝʙʠ ʘʢʪʠʚʫʚʘʪʠ 

ʨʝʞʠʤ test-time augmentation. ʇʽʩʣʷ ʟʘʚʘʥʪʘʞʝʥʥʷ ʟʦʙʨʘʞʝʥʥʷ ʙʫʜʽʚʣʽ ʯʝʨʝʟ 

ʩʪʘʥʜʘʨʪʥʠʡ ʚʠʙʽʨ ʬʘʡʣʫ ʘʙʦ drag-and-drop-ʩʮʝʥʘʨʽʡ ʩʠʩʪʝʤʘ ʚʽʜʦʙʨʘʞʘʻ 

ʧʝʨʝʜʙʘʯʝʥʠʡ ʘʨʭʽʪʝʢʪʫʨʥʠʡ ʩʪʠʣʴ, ʨʽʚʝʥʴ ʚʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ ʫ ʚʽʜʩʦʪʢʘʭ, ʽ  

ʩʬʦʨʤʦʚʘʥʠʡ AI-ʦʧʠʩ, ʷʢ ʧʦʢʘʟʘʥʦ ʥʘ ʨʠʩ. 2. 

ʇʽʩʣʷ ʚʠʢʦʥʘʥʥʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʨʝʟʫʣʴʪʘʪ ʥʝ ʦʙʤʝʞʫʻʪʴʩʷ ʢʦʨʦʪʢʦʶ 

ʤʽʪʢʦʶ ʢʣʘʩʫ. ʋ ʩʠʩʪʝʤʽ ʬʦʨʤʫʻʪʴʩʷ ʨʦʟʰʠʨʝʥʠʡ ʪʝʢʩʪʦʚʠʡ AI-ʘʥʘʣʽʟ, ʫ ʷʢʦʤʫ 

ʧʦʜʘʶʪʴʩʷ ʭʘʨʘʢʪʝʨʥʽ ʦʟʥʘʢʠ ʩʪʠʣʶ, ʤʦʞʣʠʚʠʡ ʽʩʪʦʨʠʯʥʠʡ ʢʦʥʪʝʢʩʪ ʽ 

ʧʦʷʩʥʝʥʥʷ ʦʪʨʠʤʘʥʦʛʦ ʚʠʩʥʦʚʢʫ. ɼʣʷ ʘʚʪʦʨʠʟʦʚʘʥʦʛʦ ʢʦʨʠʩʪʫʚʘʯʘ ʜʦʜʘʪʢʦʚʦ 

ʜʦʩʪʫʧʥʽ ʽʩʪʦʨʽʷ ʘʥʘʣʽʟʽʚ ʽ ʩʪʘʪʠʩʪʠʢʘ, ʱʦ ʧʝʨʝʪʚʦʨʶʻ ʟʘʩʪʦʩʫʥʦʢ ʽʟ 

ʦʜʥʦʨʘʟʦʚʦʛʦ ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʥʘ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʝ ʩʝʨʝʜʦʚʠʱʝ ʨʦʙʦʪʠ ʟ 

ʘʨʭʽʪʝʢʪʫʨʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ. ʆʢʨʝʤʠʤ ʝʣʝʤʝʥʪʦʤ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʻ ʢʘʨʪʘ, ʥʘ 

ʷʢʽʡ ʤʦʞʫʪʴ ʚʽʜʦʙʨʘʞʘʪʠʩʷ ʨʝʛʽʦʥʠ ʧʦʰʠʨʝʥʥʷ ʩʪʠʣʶ ʪʘ ʚʽʜʦʤʽ ʘʨʭʽʪʝʢʪʫʨʥʽ 

ʦʙôʻʢʪʠ, ʧʦʚôʷʟʘʥʽ ʟ ʥʠʤ. ʇʨʠʢʣʘʜ ʪʘʢʦʾ ʛʝʦʧʨʦʩʪʦʨʦʚʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʥʘʚʝʜʝʥʦ 

ʥʘ ʨʠʩ. 3 
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ʈʠʩ. 2. ʈʝʟʫʣʴʪʘʪ ʢʣʘʩʠʬʽʢʘʮʽʾ ʪʘ AI-ʦʧʠʩ Gemini 

 
ʈʠʩ. 3. ɺʽʟʫʘʣʽʟʘʮʽʷ ʛʝʦʛʨʘʬʽʯʥʦʛʦ ʢʦʥʪʝʢʩʪʫ ʨʝʟʫʣʴʪʘʪʽʚ ʥʘ ʢʘʨʪʽ Leaflet 

ʈʝʟʫʣʴʪʘʪʠ ʪʝʩʪʫʚʘʥʥʷ 

ʊʝʩʪʫʚʘʥʥʷ ʧʽʜʪʚʝʨʜʠʣʦ ʧʨʘʮʝʟʜʘʪʥʽʩʪʴ ʦʩʥʦʚʥʠʭ ʩʮʝʥʘʨʽʾʚ: 

ʟʘʚʘʥʪʘʞʝʥʥʷ ʟʦʙʨʘʞʝʥʥʷ, ʚʠʙʽʨ ʤʦʜʝʣʽ, ʟʘʧʫʩʢ ʘʥʘʣʽʟʫ, ʦʪʨʠʤʘʥʥʷ 

ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʛʦ ʨʝʟʫʣʴʪʘʪʫ, ʬʦʨʤʫʚʘʥʥʷ AI-ʦʧʠʩʫ, ʟʙʝʨʝʞʝʥʥʷ ʽʩʪʦʨʽʾ ʪʘ 

ʚʽʜʦʙʨʘʞʝʥʥʷ ʛʝʦʛʨʘʬʽʯʥʦʛʦ ʢʦʥʪʝʢʩʪʫ. ʅʘʡʢʨʘʱʠʡ ʨʝʟʫʣʴʪʘʪ ʩʝʨʝʜ ʦʩʥʦʚʥʠʭ 

ʨʝʞʠʤʽʚ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʚ ʘʥʩʘʤʙʣʴ EfficientNet-B0 ʪʘ ResNet-50, ʷʢʠʡ ʜʦʩʷʛ 
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ʪʦʯʥʦʩʪʽ 95,18% ʽ F1-macro 0,9508. ʋʟʘʛʘʣʴʥʝʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʥʥʷ 

ʤʦʜʝʣʝʡ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 1. 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʦʩʥʦʚʥʠʭ ʤʦʜʝʣʝʡ 

ʄʦʜʝʣʴ ʊʦʯʥʽʩʪʴ, % F1-macro ʏʘʩ ʘʥʘʣʽʟʫ, ʩ 

EfficientNet-B0 95.08 0.9497 0.0411 

ResNet-50 94.34 0.9424 0.0406 

Ensemble 95.18 0.9508 0.0867 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʚʠʩʦʢʽ ʧʦʢʘʟʥʠʢʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ, ʤʦʜʝʣʴ ʥʝ ʤʦʞʥʘ 

ʚʚʘʞʘʪʠ ʘʙʩʦʣʶʪʥʦ ʙʝʟʧʦʤʠʣʢʦʚʦʶ. ɺʦʥʘ ʧʨʘʮʶʻ ʚ ʤʝʞʘʭ 25 ʟʘʜʘʥʠʭ ʢʣʘʩʽʚ, 

ʪʦʜʽ ʷʢ ʨʝʘʣʴʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʦʭʦʧʣʶʻ ʟʥʘʯʥʦ ʰʠʨʰʠʡ ʩʧʝʢʪʨ ʩʪʠʣʽʚ ʽ 

ʧʝʨʝʭʽʜʥʠʭ ʬʦʨʤ. ʂʨʽʤ ʪʦʛʦ, ʦʢʨʝʤʽ ʩʪʠʣʽ ʤʘʶʪʴ ʧʦʜʽʙʥʽ ʬʘʩʘʜʥʽ ʝʣʝʤʝʥʪʠ, 

ʧʨʦʧʦʨʮʽʾ ʘʙʦ ʜʝʢʦʨʘʪʠʚʥʽ ʦʟʥʘʢʠ, ʪʦʤʫ ʟʘ ʩʢʣʘʜʥʦʛʦ ʨʘʢʫʨʩʫ, ʥʝʜʦʩʪʘʪʥʴʦʛʦ 

ʦʩʚʽʪʣʝʥʥʷ ʯʠ ʥʠʟʴʢʦʾ ʷʢʦʩʪʽ ʬʦʪʦʛʨʘʬʽʾ ʤʦʞʣʠʚʝ ʟʤʽʰʫʚʘʥʥʷ ʙʣʠʟʴʢʠʭ ʢʣʘʩʽʚ. 

ʋ ʧʦʜʘʣʴʰʦʤʫ ʜʦʮʽʣʴʥʦ ʨʦʟʰʠʨʠʪʠ ʜʘʪʘʩʝʪ ʙʽʣʴʰ ʨʽʟʥʦʤʘʥʽʪʥʠʤʠ 

ʧʨʠʢʣʘʜʘʤʠ, ʱʦ ʧʽʜʚʠʱʠʪʴ ʩʪʽʡʢʽʩʪʴ ʩʠʩʪʝʤʠ ʜʦ ʩʪʠʣʽʩʪʠʯʥʦ ʩʭʦʞʠʭ 

ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʦʙôʻʢʪʽʚ. 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʝʟʫʣʴʪʘʪʽ ʨʦʙʦʪʠ ʙʫʣʦ ʧʦʢʘʟʘʥʦ, ʱʦ ʟʘʜʘʯʘ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʩʪʠʣʽʚ ʤʦʞʝ ʙʫʪʠ ʨʝʘʣʽʟʦʚʘʥʘ ʥʝ ʣʠʰʝ ʷʢ ʦʢʨʝʤʘ ʥʝʡʨʦʤʝʨʝʞʝʚʘ 

ʤʦʜʝʣʴ, ʘ ʷʢ ʧʦʚʥʦʮʽʥʥʠʡ ʢʦʨʠʩʪʫʚʘʮʴʢʠʡ ʚʝʙʩʝʨʚʽʩ. ʈʦʟʨʦʙʣʝʥʠʡ ʟʘʩʪʦʩʫʥʦʢ 

ʟʘʙʝʟʧʝʯʫʻ ʟʨʦʟʫʤʽʣʠʡ ʰʣʷʭ ʚʽʜ ʟʘʚʘʥʪʘʞʝʥʥʷ ʬʦʪʦʛʨʘʬʽʾ ʜʦ ʦʪʨʠʤʘʥʥʷ 

ʽʥʪʝʨʧʨʝʪʦʚʘʥʦʛʦ ʨʝʟʫʣʴʪʘʪʫ, ʱʦ ʨʦʙʠʪʴ ʨʦʙʦʪʫ ʩʠʩʪʝʤʠ ʜʦʩʪʫʧʥʦʶ ʜʣʷ 

ʢʦʨʠʩʪʫʚʘʯʽʚ ʙʝʟ ʩʧʝʮʽʘʣʴʥʠʭ ʟʥʘʥʴ ʫ ʩʬʝʨʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ʇʨʘʢʪʠʯʥʘ ʮʽʥʥʽʩʪʴ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʚ ʧʦʻʜʥʘʥʥʽ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ, ʪʝʢʩʪʦʚʦʛʦ ʧʦʷʩʥʝʥʥʷ ʪʘ ʚʽʟʫʘʣʴʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʥʷ 

ʨʝʟʫʣʴʪʘʪʽʚ ʚ ʦʜʥʦʤʫ ʽʥʪʝʨʬʝʡʩʽ. ʇʨʦʚʝʜʝʥʝ ʪʝʩʪʫʚʘʥʥʷ ʧʽʜʪʚʝʨʜʠʣʦ 

ʢʦʨʝʢʪʥʽʩʪʴ ʦʩʥʦʚʥʠʭ ʩʮʝʥʘʨʽʾʚ ʚʟʘʻʤʦʜʽʾ ʽʟ ʩʠʩʪʝʤʦʶ ʪʘ ʜʦʩʪʘʪʥʶ ʷʢʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ ʟʘʩʪʦʩʫʥʢʫ. ʆʪʞʝ, ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ 

ʧʽʜʭʽʜ ʤʦʞʝ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʠʡ ʷʢ ʦʩʥʦʚʘ ʜʣʷ ʩʪʚʦʨʝʥʥʷ ʥʘʚʯʘʣʴʥʠʭ, 

ʜʦʚʽʜʢʦʚʠʭ ʘʙʦ ʢʫʣʴʪʫʨʥʦ-ʦʩʚʽʪʥʽʭ ʩʝʨʚʽʩʽʚ, ʧʦʚôʷʟʘʥʠʭ ʟ ʘʥʘʣʽʟʦʤ 

ʘʨʭʽʪʝʢʪʫʨʥʦʾ ʩʧʘʜʱʠʥʠ. 
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ʋ ʩʫʯʘʩʥʦʤʫ ʩʫʩʧʽʣʴʩʪʚʽ ʙʽʣʴʰʽʩʪʴ ʟ ʥʘʩ ʭʦʯʘ ʙ ʨʘʟ ʥʘʤʘʛʘʣʠʩʴ ʚʠʨʦʙʠʪʠ 

ʥʦʚʫ ʢʦʨʠʩʥʫ ʟʚʠʯʢʫ ï ʟʘʡʤʘʪʠʩʴ ʩʧʦʨʪʦʤ, ʧʨʦʢʠʜʘʪʠʩʴ ʨʘʥʽʰʝ, ʯʠʪʘʪʠ ʢʥʠʛʠ 

ʱʦʜʥʷ, ʘʣʝ ʨʘʥʦ ʯʠ ʧʽʟʥʦ ʟʘʢʠʜʘʣʠ ʮʶ ʟʚʠʯʢʫ ʘʙʦ ʤʦʪʠʚʘʮʽʷ ʧʨʦʭʦʜʠʣʘ, ʘ 
ʜʠʩʮʠʧʣʽʥʠ ʪʘ ʩʠʣʠ ʚʦʣʽ ʙʫʣʦ ʥʝʜʦʩʪʘʪʥʴʦ ʱʦʙ ʧʨʦʜʦʚʞʫʚʘʪʠ. ʇʨʦʪʝ, ʥʝ ʯʝʨʝʟ 

ʥʝʩʪʘʯʫ ʤʦʪʠʚʘʮʽʾ ʪʘ ʙʘʞʘʥʥʷ ʟʤʽʥ, ʘ ʩʘʤʝ ʯʝʨʝʟ ʥʝʜʦʩʪʘʪʥʻ ʨʦʟʫʤʽʥʥʷ ʩʚʦʾʭ 

ʧʦʚʝʜʽʥʢʦʚʠʭ ʰʘʙʣʦʥʽʚ, ʥʘʧʨʠʢʣʘʜ, ʢʦʣʠ ʥʘʡʙʽʣʴʰʘ ʩʭʠʣʴʥʽʩʪʴ ʧʨʦʧʫʩʪʠʪʠ 

ʚʠʢʦʥʘʥʥʷ ʟʚʠʯʢʠ ʪʘ ʚʨʝʰʪʽ-ʨʝʰʪ ʟʘ ʷʢʠʡ ʪʝʨʤʽʥ ʮʷ ʟʚʠʯʢʘ ʤʦʞʝ ʩʪʘʪʠ ʚʞʝ 

ʩʬʦʨʤʦʚʘʥʦʶ ʨʫʪʠʥʦʶ. 

ʇʨʦʙʣʝʤʘ ʥʝʜʦʩʪʘʪʥʴʦʾ ʜʠʩʮʠʧʣʽʥʦʚʘʥʦʩʪʽ ʪʘ ʚʠʪʨʠʚʘʣʦʩʪʽ ʻ ʧʦʰʠʨʝʥʦʶ 

ʢʨʽʟʴ ʨʦʢʠ ʪʘ ʧʦʢʦʣʽʥʥʷ, ʧʨʦ ʱʦ ʩʚʽʜʯʘʪʴ ʦʧʠʪʫʚʘʥʥʷ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ. ʇʨʠ 

ʮʴʦʤʫ ʙʽʣʴʰʽʩʪʴ ʣʶʜʝʡ ʧʦʤʠʣʢʦʚʦ ʚʚʘʞʘʶʪʴ, ʱʦ ʜʠʩʮʠʧʣʽʥʘ ï ʮʝ ʚʨʦʜʞʝʥʘ 

ʨʠʩʘ ʘʙʦ ʪʘʣʘʥʪ. ʇʨʦʪʝ ʥʝʡʨʦʥʘʫʢʦʚʮʽ ʜʦʚʝʣʠ, ʱʦ ʮʝ ʥʘʚʠʯʢʘ, ʷʢʫ ʤʦʞʥʘ 

ʪʨʝʥʫʚʘʪʠ: ʢʦʞʥʦʛʦ ʨʘʟʫ, ʢʦʣʠ ʣʶʜʠʥʘ ʜʦʣʘʻ ʽʤʧʫʣʴʩ ʽ ʨʦʙʠʪʴ ʧʨʘʚʠʣʴʥʠʡ 

ʚʠʙʽʨ, ʫ ʧʨʠʬʨʦʥʪʘʣʴʥʽʡ ʢʦʨʽ ʤʦʟʢʫ ʬʽʢʩʫʻʪʴʩʷ ʧʽʜʚʠʱʝʥʘ ʘʢʪʠʚʥʽʩʪʴ ʪʘʢʘ ʞ ʷʢ 

ʧʨʠ ʪʨʝʥʫʚʘʥʥʽ ʤ'ʷʟʽʚ. ɸʣʝ ʙʝʟ ʧʽʜʪʨʠʤʢʠ ʮʝʡ "ʤ'ʷʟ" ʰʚʠʜʢʦ ʟʜʘʻʪʴʩʷ. 
ɼʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʫʶʪʴ, ʱʦ ʟʥʘʯʥʘ ʯʘʩʪʠʥʘ ʱʦʜʝʥʥʦʾ ʧʦʚʝʜʽʥʢʠ ʣʶʜʠʥʠ ʤʘʻ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʡ ʭʘʨʘʢʪʝʨ. ɿʦʢʨʝʤʘ, ʫ ʜʦʩʣʽʜʞʝʥʥʽ University of Surrey 

ʟʘʟʥʘʯʝʥʦ, ʱʦ 65% ʱʦʜʝʥʥʠʭ ʜʽʡ ʽʥʽʮʽʶʶʪʴʩʷ ʟʚʠʯʢʦʶ, ʪʦʙʪʦ ʟʘʧʫʩʢʘʶʪʴʩʷ 

ʨʫʪʠʥʥʠʤʠ ʩʠʛʥʘʣʘʤʠ, ʘ ʥʝ ʧʦʚʥʽʩʪʶ ʩʚʽʜʦʤʠʤ ʚʠʙʦʨʦʤ. ʎʝ ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ 
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ʧʦʢʣʘʜʘʪʠʩʷ ʣʠʰʝ ʥʘ ʩʠʣʫ ʚʦʣʽ ʫ ʧʨʦʮʝʩʽ ʟʤʽʥʠ ʧʦʚʝʜʽʥʢʠ ʥʝʜʦʩʪʘʪʥʴʦ. ʃʠʰʝ 

ʙʣʠʟʴʢʦ 10% ʣʶʜʝʡ ʚʠʢʦʥʫʶʪʴ ʩʚʦʾ ʥʦʚʦʨʽʯʥʽ ʮʽʣʽ.  

ɹʨʠʪʘʥʩʴʢʘ ʜʦʩʣʽʜʥʠʮʷ ʌʽʣʽʧʧʘ ʃʝʣʣʽ ʟ University College London ʧʨʦʚʝʣʘ 

ʦʜʥʝ ʟ ʥʘʡʚʽʜʦʤʽʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʫ ʧʩʠʭʦʣʦʛʽʾ ʟʚʠʯʦʢ. ʇʨʦʪʷʛʦʤ 12 ʪʠʞʥʽʚ ʚʦʥʘ 

ʩʧʦʩʪʝʨʽʛʘʣʘ ʟʘ 96 ʫʯʘʩʥʠʢʘʤʠ, ʢʦʞʝʥ ʽʟ ʷʢʠʭ ʥʘʤʘʛʘʚʩʷ ʟʘʢʨʽʧʠʪʠ ʥʦʚʫ 

ʱʦʜʝʥʥʫ ʜʽʶ ï ʚʠʧʠʚʘʪʠ ʩʢʣʷʥʢʫ ʚʦʜʠ ʧʝʨʝʜ ʦʙʽʜʦʤ, ʙʽʛʘʪʠ 15 ʭʚʠʣʠʥ ʧʽʩʣʷ 

ʨʦʙʦʪʠ, ʾʩʪʠ ʬʨʫʢʪʠ ʧʽʩʣʷ ʩʥʽʜʘʥʢʫ. ʈʝʟʫʣʴʪʘʪ ʚʨʘʟʠʚ ʚʩʽʭ, ʘʜʞʝ ʩʝʨʝʜʥʽʡ ʯʘʩ 

ʜʦ ʬʦʨʤʫʚʘʥʥʷ ʟʚʠʯʢʠ, ʷʢ ʨʫʪʠʥʠ, ʩʢʣʘʚ ʥʝ 21 ʜʝʥʴ, ʷʢ ʧʨʠʡʥʷʪʦ ʚʚʘʞʘʪʠ ʚ 
ʧʦʧʫʣʷʨʥʽʡ ʧʩʠʭʦʣʦʛʽʾ, ʘ 66 ʜʥʽʚ. ʇʨʠ ʮʴʦʤʫ ʜʣʷ ʢʦʞʥʦʛʦ ʫʯʘʩʥʠʢʘ ʪʝʨʤʽʥʠ 

ʙʫʣʠ ʨʽʟʥʠʤʠ ï ʚʽʜ 18 ʜʦ 254 ʜʥʽʚ, ʱʦ ʦʟʥʘʯʘʻ: ʦʜʥʽʡ ʣʶʜʠʥʽ ʚʠʩʪʘʯʠʣʦ ʪʨʴʦʭ 

ʪʠʞʥʽʚ, ʪʦʜʽ ʷʢ ʽʥʰʽʡ ʟʥʘʜʦʙʠʣʦʩʴ ʙʽʣʴʰʝ ʚʦʩʴʤʠ ʤʽʩʷʮʽʚ ʜʣʷ ʪʽʻʾ ʞ ʜʽʾ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʪʘʢʦʞ ʧʦʢʘʟʘʣʦ, ʱʦ ʢʨʠʚʘ ʬʦʨʤʫʚʘʥʥʷ ʟʚʠʯʢʠ ʤʘʻ 

ʥʝʣʽʥʽʡʥʠʡ ʭʘʨʘʢʪʝʨ ʩʧʦʯʘʪʢʫ ʢʦʞʥʝ ʚʠʢʦʥʘʥʥʷ ʜʘʻ ʚʽʜʯʫʪʥʠʡ ʧʨʠʨʽʩʪ 

ʤʦʪʠʚʘʮʽʾ ʽ ʙʘʞʘʥʥʷ ʧʨʦʜʦʚʞʫʚʘʪʠ, ʘʣʝ ʟ ʯʘʩʦʤ ʢʨʠʚʘ ñʚʠʨʽʚʥʶʻʪʴʩʷò, ʽ ʣʶʜʠʥʘ 

ʧʦʪʨʘʧʣʷʻ ʥʘ "ʧʣʘʪʦ", ʜʝ ʟʜʘʻʪʴʩʷ, ʱʦ ʧʨʦʛʨʝʩʫ ʥʝʤʘʻ ï ʚ ʮʝʡ ʤʦʤʝʥʪ ʙʽʣʴʰʽʩʪʴ 

ʽ ʧʦʢʠʜʘʻ ʟʚʠʯʢʫ.  

ʊʘʢʦʞ ʻ ʜʦʩʣʽʜʞʝʥʥʷ, ʷʢʝ ʧʦʢʘʟʘʣʦ, ʱʦ ʢʦʣʠ ʣʶʜʠ ʧʦʯʠʥʘʶʪʴ ʨʝʛʫʣʷʨʥʦ 

ʟʘʧʠʩʫʚʘʪʠ ʪʘ ʚʽʜʩʪʝʞʫʚʘʪʠ ʩʚʽʡ ʧʨʦʛʨʝʩ ʫ ʚʠʢʦʥʘʥʥʽ ʟʚʠʯʦʢ ï ʩʫʪʪʻʚʦ 

ʧʽʜʚʠʱʫʻ ʙʘʞʘʥʥʷ ʣʶʜʠʥʠ ʧʨʦʜʦʚʞʫʚʘʪʠ ʪʘ ʧʽʜʚʠʱʫʻ ʚʽʨʫ ʚ ʩʝʙʝ ʪʘ ʩʚʦʾ ʩʠʣʠ.  

ʇʨʦʘʥʘʣʽʟʫʚʘʚʰʠ ʥʘʷʚʥʽ ʨʽʰʝʥʥʷ ʥʘ ʨʠʥʢʫ, ʤʦʞʥʘ ʚʠʜʽʣʠʪʠ ʯʦʪʠʨʠ 
ʥʘʡʧʦʧʫʣʷʨʥʽʰʽ ʟʘʩʪʦʩʫʥʢʠ ʜʣʷ ʪʨʝʢʽʥʛʫ ʟʚʠʯʦʢ. 

Habitica ï ʟʘʩʪʦʩʫʥʦʢ, ʷʢʠʡ ʧʝʨʝʪʚʦʨʶʻ ʚʠʢʦʥʘʥʥʷ ʟʚʠʯʦʢ ʥʘ ʨʦʣʴʦʚʫ ʛʨʫ 

ʫ ʩʪʠʣʽ RPG (ʚʽʜ ʘʥʛʣ. Role-Playing Game). ʂʦʨʠʩʪʫʚʘʯ ʩʪʚʦʨʶʻ ʧʝʨʩʦʥʘʞʘ, 

ʚʠʢʦʥʫʻ ʟʘʚʜʘʥʥʷ, ʟʘʨʦʙʣʷʻ ʟʦʣʦʪʦ, ʤʦʞʝ ʦʙ'ʻʜʥʫʚʘʪʠʩʴ ʽʟ ʜʨʫʟʷʤʠ ʫ ʛʨʫʧʠ ʪʘ 

ʙʠʪʠʩʴ ʽʟ ʤʦʥʩʪʨʘʤʠ. ɯʜʝʷ ʧʨʠʚʘʙʣʠʚʘ ʽ ʤʦʪʠʚʫʻ ʥʘ ʧʦʯʘʪʢʫ, ʦʜʥʘʢ ʤʘʻ ʥʝʜʦʣʽʢ: 

ʩʪʘʪʠʩʪʠʢʘ ʚ ʧʦʚ'ʷʟʘʥʘ ʟ ʽʛʨʦʚʠʤʠ ʧʦʢʘʟʥʠʢʘʤʠ, ʘ ʥʝ ʟ ʨʝʘʣʴʥʠʤ ʚʽʜʩʦʪʢʦʤ 

ʚʠʢʦʥʘʥʥʷ ʟʚʠʯʦʢ. ʊʦʙʪʦ ʢʦʨʠʩʪʫʚʘʯ ʙʘʯʠʪʴ, ʱʦ ʡʦʛʦ ʧʝʨʩʦʥʘʞ "ʩʠʣʴʥʠʡ", ʘʣʝ 

ʥʝ ʨʦʟʫʤʽʻ ʜʠʥʘʤʽʢʠ ʩʚʦʻʾ ʧʦʚʝʜʽʥʢʠ. ʂʨʽʤ ʪʦʛʦ, ʟʦʚʥʽʰʥʷ ʤʦʪʠʚʘʮʽʷ ʯʝʨʝʟ ʙʘʣʠ 

ʪʘ ʥʘʛʦʨʦʜʠ ʝʬʝʢʪʠʚʥʘ ʜʣʷ ʩʪʘʨʪʫ, ʘʣʝ ʤʦʞʝ ʧʽʜʨʠʚʘʪʠ ʨʦʟʚʠʪʦʢ ʚʥʫʪʨʽʰʥʴʦʾ 

ʤʦʪʠʚʘʮʽʾ ʚ ʧʝʨʩʧʝʢʪʠʚʽ.  

Streaks ï ʟʘʩʪʦʩʫʥʦʢ, ʜʝ ʢʽʣʴʢʘ ʟʚʠʯʦʢ ʚʽʜʦʙʨʘʞʘʶʪʴʩʷ ʷʢ ʧʨʦʩʪʽ ʢʦʣʘ, ʘ 
ʚʩʷ ʚʟʘʻʤʦʜʽʷ ʟʚʦʜʠʪʴʩʷ ʜʦ ʦʜʥʦʛʦ ʥʘʪʠʩʢʘʥʥʷ ʜʣʷ ʧʦʟʥʘʯʢʠ ʚʠʢʦʥʘʥʥʷ. ʎʝ 

ʟʨʫʯʥʦ ʽ ʰʚʠʜʢʦ, ʘʣʝ ʧʦʚʥʽʩʪʶ ʧʦʟʙʘʚʣʝʥʦ ʘʥʘʣʽʪʠʢʠ: ʥʝʤʘʻ ʩʪʦʨʽʥʢʠ 

ʩʪʘʪʠʩʪʠʢʠ, ʩʠʩʪʝʤʠ ʜʦʩʷʛʥʝʥʴ, ʥʽʯʦʛʦ, ʢʨʽʤ ʙʘʟʦʚʦʛʦ ʣʽʯʠʣʴʥʠʢʘ ʩʝʨʽʾ. 

ʂʦʨʠʩʪʫʚʘʯ ʥʝ ʦʪʨʠʤʫʻ ʞʦʜʥʦʛʦ ʨʦʟʫʤʽʥʥʷ ʩʚʦʾʭ ʧʘʪʝʨʥʽʚ ʧʦʚʝʜʽʥʢʠ ʽ ʥʝ ʟʥʘʻ 

ʯʠ ʨʫʭʘʻʪʴʩʷ ʚʽʥ ʜʦ ʩʬʦʨʤʦʚʘʥʦʾ ʟʚʠʯʢʠ. 

Daylio - ʱʦʜʝʥʥʠʢ, ʷʢʠʡ ʧʦʻʜʥʫʻ ʪʨʝʢʽʥʛ ʟʚʠʯʦʢ ʽʟ ʚʽʜʩʪʝʞʝʥʥʷʤ ʥʘʩʪʨʦʶ. 

ɿʘʤʽʩʪʴ ʪʝʢʩʪʫ ʢʦʨʠʩʪʫʚʘʯ ʦʙʠʨʘʻ ʝʤʦʮʽʶ ʪʘ ʽʢʦʥʢʠ ʘʢʪʠʚʥʦʩʪʝʡ ʟʘ ʜʝʥʴ, ʘ 

ʟʘʩʪʦʩʫʥʦʢ ʙʫʜʫʻ ʛʨʘʬʽʢʠ ʢʦʨʝʣʷʮʽʾ ʤʽʞ ʟʚʠʯʢʘʤʠ ʪʘ ʝʤʦʮʽʡʥʠʤ ʩʪʘʥʦʤ. ʎʝ 

ʢʦʨʠʩʥʦ ʜʣʷ ʩʘʤʦʘʥʘʣʽʟʫ, ʦʜʥʘʢ ʧʨʦʩʪʦʪʘ ʧʽʜʭʦʜʫ ʨʦʙʠʪʴ ʟʘʩʪʦʩʫʥʦʢ 
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ʥʝʜʦʩʪʘʪʥʴʦ ʧʦʪʫʞʥʠʤ ʜʣʷ ʩʢʣʘʜʥʽʰʠʭ ʩʠʩʪʝʤ ʟʚʠʯʦʢ. ʇʨʦʛʥʦʟʫʚʘʥʥʷ, 

ʨʝʢʦʤʝʥʜʘʮʽʾ ʯʠ ʤʘʪʝʤʘʪʠʯʥʠʡ ʘʥʘʣʽʟ ʧʦʚʝʜʽʥʢʠ ʚʽʜʩʫʪʥʽ. 

Strides ï ʦʨʽʻʥʪʦʚʘʥʠʡ ʥʘ ʚʠʤʽʨʶʚʘʥʽ ʮʽʣʽ: ʤʦʞʥʘ ʚʩʪʘʥʦʚʠʪʠ ʢʽʣʴʢʽʩʥʽ 

ʟʘʚʜʘʥʥʷ ʥʘ ʢʰʪʘʣʪ "ʟʘʡʤʘʪʠʩʴ ʩʧʦʨʪʦʤ 5 ʨʘʟʽʚ ʥʘ ʪʠʞʜʝʥʴ" ʽ ʚʽʜʩʪʝʞʫʚʘʪʠ 

ʚʽʜʩʦʪʦʢ ʫʩʧʽʭʫ ʚ ʜʠʥʘʤʽʮʽ. ɼʘʰʙʦʨʜ ʧʦʢʘʟʫʻ ʯʽʪʢʽ ʛʨʘʬʽʢʠ ʧʨʦʛʨʝʩʫ ʪʘ ʩʝʨʽʾ. 

ʎʝ ʥʘʡʙʣʠʞʯʠʡ ʜʦ ʘʥʘʣʽʪʠʯʥʦʛʦ ʧʽʜʭʦʜʫ ʢʦʥʢʫʨʝʥʪ, ʧʨʦʪʝ ʩʠʩʪʝʤʘ ʥʝ ʧʦʷʩʥʶʻ 

ʧʨʠʯʠʥ ʫʩʧʽʭʫ ʯʠ ʥʝʚʜʘʯʽ, ʥʝ ʧʨʦʛʥʦʟʫʻ ʧʦʚʝʜʽʥʢʫ ʽ ʥʝ ʛʝʥʝʨʫʻ ʞʦʜʥʠʭ 

ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ ʚʠʩʥʦʚʢʽʚ. 
ʇʨʦʘʥʘʣʽʟʫʚʘʚʰʠ ʚʩʽ ʥʘʚʝʜʝʥʽ ʚʘʨʽʘʥʪʠ, ʦʪʨʠʤʘʣʠ ʚʠʩʥʦʚʦʢ: ʽʩʥʫʶʯʽ 

ʟʘʩʪʦʩʫʥʢʠ ʘʙʦ ʤʦʪʠʚʫʶʪʴ ʯʝʨʝʟ ʛʨʫ, ʘʙʦ ʬʽʢʩʫʶʪʴ ʬʘʢʪ ʚʠʢʦʥʘʥʥʷ, ʘʙʦ 

ʧʦʢʘʟʫʶʪʴ ʙʘʟʦʚʽ ʛʨʘʬʽʢʠ, ʧʨʦʪʝ ʞʦʜʝʥ ʽʟ ʥʠʭ ʥʝ ʚʽʜʧʦʚʽʜʘʻ ʥʘ ʛʦʣʦʚʥʝ ʧʠʪʘʥʥʷ 

ʢʦʨʠʩʪʫʚʘʯʘ: "ʏʦʤʫ ʷ ʟʨʠʚʘʶʩʷ ʩʘʤʝ ʚ ʮʽ ʜʥʽ, ʢʦʣʠ ʩʬʦʨʤʫʻʪʴʩʷ ʤʦʷ ʟʚʠʯʢʘ ʽ 

ʱʦ ʤʝʥʽ ʨʦʙʠʪʠ ʟʘʚʪʨʘ ʢʦʥʢʨʝʪʥʦ?" ʉʘʤʝ ʥʘ ʮʝ ʧʠʪʘʥʥʷ ʜʘʻ ʚʽʜʧʦʚʽʜʴ ʥʘʰ 

ʚʝʙʩʘʡʪ HabitFlow ʯʝʨʝʟ ʤʘʪʝʤʘʪʠʯʥʠʡ ʘʥʘʣʽʟ ʧʦʚʝʜʽʥʢʦʚʠʭ ʜʘʥʠʭ ʪʘ 

ʧʝʨʝʪʚʦʨʝʥʥʷ ʡʦʛʦ ʨʝʟʫʣʴʪʘʪʽʚ ʥʘ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ. 

ʉʘʡʪ ʚʽʜʩʪʝʞʫʻ ʚʠʢʦʥʘʥʥʷ ʟʘʧʣʘʥʦʚʘʥʠʭ ʜʽʡ ʢʦʨʠʩʪʫʚʘʯʘ ʽ ʘʥʘʣʽʟʫʻ 

ʧʦʚʝʜʽʥʢʦʚʽ ʜʘʥʽ ʟ ʯʘʩʦʤ, ʱʦʙ ʢʦʨʠʩʪʫʚʘʯ ʤʽʛ ʙʘʯʠʪʠ ʷʢ ʨʦʟʚʠʚʘʶʪʴʩʷ ʡʦʛʦ 

ʟʚʠʯʢʠ ʽ ʥʘʩʢʽʣʴʢʠ ʩʪʘʙʽʣʴʥʠʤ ʻ ʧʨʦʛʨʝʩ. ʅʘ ʦʩʥʦʚʽ ʮʠʭ ʜʘʥʠʭ ʩʠʩʪʝʤʘ ʽ ʥʘʜʘʻ 

ʧʨʦʛʥʦʟʠ ð ʥʘʧʨʠʢʣʘʜ, ʢʦʣʠ ʟʚʠʯʢʘ ʙʫʜʝ ʧʦʚʥʽʩʪʶ ʩʬʦʨʤʦʚʘʥʘ ʧʨʠ ʧʦʪʦʯʥʦʤʫ 

ʪʝʤʧʽ, ʘʙʦ ʷʢʠʡ ʜʝʥʴ ʪʠʞʥʷ ʻ ʥʘʡʙʽʣʴʰ ʨʠʟʠʢʦʚʘʥʠʤ ʜʣʷ ʟʨʠʚʫ ʩʝʨʽʾ. 
ʉʠʩʪʝʤʘ ʘʥʘʣʽʟʫʻ ʧʦʚʝʜʽʥʢʦʚʽ ʧʘʪʝʨʥʠ ʢʦʨʠʩʪʫʚʘʯʘ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʤʘʪʝʤʘʪʠʯʥʠʭ ʤʝʪʦʜʽʚ: ʤʝʪʦʜ ʥʘʡʤʝʥʰʠʭ ʢʚʘʜʨʘʪʽʚ ʘʧʨʦʢʩʠʤʫʻ ʜʠʥʘʤʽʢʫ 

ʧʨʦʛʨʝʩʫ ʽ ʙʫʜʫʻ ʧʨʦʛʥʦʩʪʠʯʥʫ ʢʨʠʚʫ, ʣʘʥʮʶʛʠ ʄʘʨʢʦʚʘ ʤʦʜʝʣʶʶʪʴ 

ʡʤʦʚʽʨʥʽʩʪʴ ʚʠʢʦʥʘʥʥʷ ʘʙʦ ʧʨʦʧʫʩʢʫ ʟʚʠʯʢʠ ʥʘ ʦʩʥʦʚʽ ʧʦʚʝʜʽʥʢʠ, ʛʨʘʜʽʻʥʪʥʠʡ 

ʩʧʫʩʢ ʧʝʨʩʦʥʘʣʽʟʫʻ ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ ʫ ʬʦʨʤʫʣʽ ʤʽʮʥʦʩʪʽ ʟʚʠʯʢʠ ʧʽʜ ʢʦʞʥʦʛʦ 

ʢʦʥʢʨʝʪʥʦʛʦ ʢʦʨʠʩʪʫʚʘʯʘ, ʘ ʪʝʦʨʽʷ ʽʛʦʨ ʚʠʟʥʘʯʘʻ ʦʧʪʠʤʘʣʴʥʠʡ ʨʦʟʢʣʘʜ ʟ 

ʫʨʘʭʫʚʘʥʥʷʤ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʨʠʟʠʢʽʚ ʩʝʨʝʜʦʚʠʱʘ. ʎʝ ʜʦʟʚʦʣʷʻ ʩʠʩʪʝʤʽ ʥʝ 

ʧʨʦʩʪʦ ʬʽʢʩʫʚʘʪʠ ʚʠʢʦʥʘʥʥʷ, ʘ ʧʨʦʚʦʜʠʪʠ ʘʥʘʣʽʟ ʧʨʦʮʝʩʫ ʬʦʨʤʫʚʘʥʥʷ ʟʚʠʯʢʠ 

ʪʘ ʥʘʜʘʚʘʪʠ ʦʙˇʨʫʥʪʦʚʘʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ. 

ɼʦʜʘʪʢʦʚʠʤ ʤʦʪʠʚʘʮʽʡʥʠʤ ʝʣʝʤʝʥʪʦʤ ʻ ʩʠʩʪʝʤʘ ʛʝʡʤʽʬʽʢʘʮʽʾ: ʧʝʨʩʦʥʘʞ-

ʘʚʘʪʘʨ ʢʦʨʠʩʪʫʚʘʯʘ ʨʦʟʚʠʚʘʻʪʴʩʷ ʨʘʟʦʤ ʟ ʡʦʛʦ ʧʨʦʛʨʝʩʦʤ ï ʟʽʨʢʘ ʩʪʘʻ ʙʽʣʴʰʦʶ 
ʽ ʷʩʢʨʘʚʽʰʦʶ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʚʠʢʦʥʘʥʠʭ ʟʚʠʯʦʢ. 

ʇʨʦʻʢʪ ʩʪʚʦʨʝʥʦ ʥʘ ʙʘʟʽ ʘʨʭʽʪʝʢʪʫʨʠ ASP.NET Core MVC ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

Layered Architecture, ʱʦ ʜʦʟʚʦʣʷʻ ʨʦʟʜʽʣʠʪʠ ʜʦʤʝʥʥʫ ʣʦʛʽʢʫ, ʜʦʩʪʫʧ ʜʦ ʜʘʥʠʭ, 

ʙʽʟʥʝʩ-ʣʦʛʽʢʫ ʪʘ ʧʨʝʟʝʥʪʘʮʽʡʥʠʡ ʰʘʨ ʥʘ ʽʟʦʣʴʦʚʘʥʽ ʨʽʚʥʽ. ʈʝʘʣʽʟʘʮʽʷ ʚʨʘʭʦʚʫʻ 

ʧʦʪʨʝʙʫ ʚ ʙʝʟʧʝʯʥʦʤʫ ʟʙʝʨʽʛʘʥʥʽ ʜʘʥʠʭ, ʢʦʨʝʢʪʥʽʡ ʤʘʪʝʤʘʪʠʯʥʽʡ ʦʙʨʦʙʮʽ 

ʧʦʚʝʜʽʥʢʦʚʠʭ ʯʘʩʦʚʠʭ ʨʷʜʽʚ, ʛʝʥʝʨʘʮʽʾ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʠʭ ʨʝʢʦʤʝʥʜʘʮʽʡ ʪʘ 

ʽʥʪʫʾʪʠʚʥʦ ʟʨʦʟʫʤʽʣʦʤʫ ʽʥʪʝʨʬʝʡʩʽ. 

ʂʣʽʻʥʪʩʴʢʘ ʯʘʩʪʠʥʘ ʨʝʘʣʽʟʦʚʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ Razor Views, HTML, CSS ʪʘ 

JavaScript. ʎʝ ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʠʪʠ ʽʥʪʝʨʬʝʡʩ, ʱʦ ʻ ʚʦʜʥʦʯʘʩ ʘʜʘʧʪʠʚʥʠʤ ʪʘ 

ʧʨʦʩʪʠʤ ʜʣʷ ʥʘʚʽʛʘʮʽʾ. ɼʣʷ ʧʦʙʫʜʦʚʠ ʛʨʘʬʽʢʽʚ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ Chart.js, ʱʦ 
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ʜʦʟʚʦʣʷʻ ʚʽʜʦʙʨʘʞʘʪʠ ʘʥʘʣʽʪʠʢʫ ʧʨʦʛʨʝʩʫ ʫ ʚʠʛʣʷʜʽ ʜʽʘʛʨʘʤ - ʟʦʢʨʝʤʘ ʜʠʥʘʤʽʢʫ 

HSS (ʚʽʜ ʘʥʛʣ. Habit Strength Score), ʧʨʦʛʥʦʩʪʠʯʥʫ ʢʨʠʚʫ ʄʅʂ (ʤʝʪʦʜ 

ʥʘʡʤʝʥʰʠʭ ʢʚʘʜʨʘʪʽʚ, ʢʣʘʩʠʯʥʠʡ ʘʣʛʦʨʠʪʤ ʘʧʨʦʢʩʠʤʘʮʽʾ ʜʘʥʠʭ). ʋ ʩʠʩʪʝʤʽ ʚʽʥ 

ʙʫʜʫʻ ʢʨʠʚʫ, ʱʦ ʦʧʠʩʫʻ ʥʘʢʦʧʠʯʝʥʠʡ ʧʨʦʛʨʝʩ ʢʦʨʠʩʪʫʚʘʯʘ, ʽ ʧʨʦʜʦʚʞʫʻ ʾʾ 

ʚʧʝʨʝʜ ʫ ʯʘʩʽ ð ʪʘʢ ʬʦʨʤʫʻʪʴʩʷ ʧʨʦʛʥʦʩʪʠʯʥʘ ʣʽʥʽʷ, ʷʢʘ ʧʦʢʘʟʫʻ ʦʯʽʢʫʚʘʥʫ 

ʜʠʥʘʤʽʢʫ ʨʦʟʚʠʪʢʫ ʟʚʠʯʢʠ ʪʘ ʦʨʽʻʥʪʦʚʥʫ ʜʘʪʫ ʾʾ ʧʦʚʥʦʛʦ ʟʘʢʨʽʧʣʝʥʥʷ. 

ʉʝʨʚʝʨʥʘ ʯʘʩʪʠʥʘ ʨʝʘʣʽʟʦʚʘʥʘ ʤʦʚʦʶ C# ʥʘ ʧʣʘʪʬʦʨʤʽ ASP.NET Core 8. 

ʋʩʷ ʙʽʟʥʝʩ-ʣʦʛʽʢʘ ʟʦʩʝʨʝʜʞʝʥʘ ʫ ʚʽʜʧʦʚʽʜʥʠʭ ʩʝʨʚʽʩʘʭ, ʱʦ ʦʙʨʦʙʣʷʶʪʴ ʜʽʾ 
ʢʦʨʠʩʪʫʚʘʯʘ: ʨʝʻʩʪʨʘʮʽʶ ʟʚʠʯʦʢ, ʬʽʢʩʘʮʽʶ ʚʠʢʦʥʘʥʴ, ʨʦʟʨʘʭʫʥʦʢ ʘʥʘʣʽʪʠʯʥʠʭ 

ʤʝʪʨʠʢ ʪʘ ʛʝʥʝʨʘʮʽʶ ʧʨʦʛʥʦʟʽʚ. 

ɼʣʷ ʟʙʝʨʽʛʘʥʥʷ ʜʘʥʠʭ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʨʝʣʷʮʽʡʥʘ ʙʘʟʘ ʜʘʥʠʭ PostgreSQL ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ Entity Framework Core 8 ʷʢ ORM. ʉʪʨʫʢʪʫʨʘ ʙʘʟʠ ʜʘʥʠʭ 

ʦʭʦʧʣʶʻ ʪʘʙʣʠʮʽ ʜʣʷ ʢʦʨʠʩʪʫʚʘʯʽʚ, ʟʚʠʯʦʢ, ʞʫʨʥʘʣʽʚ ʚʠʢʦʥʘʥʴ ʪʘ ʘʥʘʣʽʪʠʯʥʠʭ 

ʟʥʽʤʢʽʚ. ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʷʢʦʩʪʽ ʢʦʜʫ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʘʥʘʣʽʟʘʪʦʨ StyleCop, 

ʘ ʩʪʨʫʢʪʫʨʥʝ ʣʦʛʫʚʘʥʥʷ ʨʝʘʣʽʟʦʚʘʥʦ ʯʝʨʝʟ ʙʽʙʣʽʦʪʝʢʫ Serilog. 

ʉʠʩʪʝʤʘ ʘʥʘʣʽʪʠʢʠ ʧʦʙʫʜʦʚʘʥʘ ʷʢ ʦʢʨʝʤʠʡ ʤʘʪʝʤʘʪʠʯʥʠʡ ʤʦʜʫʣʴ ʫ 

ʩʝʨʚʽʩʥʦʤʫ ʰʘʨʽ. ɺʦʥʘ ʦʙʨʦʙʣʷʻ ʯʘʩʦʚʽ ʨʷʜʠ ʧʦʚʝʜʽʥʢʦʚʠʭ ʜʘʥʠʭ, ʚʠʷʚʣʷʻ 

ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ ʽ ʬʦʨʤʫʻ ʷʢ ʢʽʣʴʢʽʩʥʽ ʤʝʪʨʠʢʠ ï Habit Strength Score, 

Consistency Rate, Volatility Index ï ʪʘʢ ʽ ʷʢʽʩʥʽ ʚʠʩʥʦʚʢʠ: ʧʨʦʛʥʦʟ ʜʘʪʠ 

ʬʦʨʤʫʚʘʥʥʷ ʟʚʠʯʢʠ, ʡʤʦʚʽʨʥʽʩʪʴ ʟʨʠʚʫ ʩʝʨʽʾ ʪʘ ʦʧʪʠʤʘʣʴʥʠʡ ʨʦʟʢʣʘʜ ʚʠʢʦʥʘʥʴ. 
ʄʘʪʝʤʘʪʠʯʥʽ ʨʝʟʫʣʴʪʘʪʠ ʧʝʨʝʜʘʶʪʴʩʷ ʜʦ ʤʦʜʫʣʷ, ʷʢʠʡ ʽʥʪʝʨʧʨʝʪʫʻ ʾʭ ʽ 

ʪʨʘʥʩʣʶʻ ʫ ʧʝʨʩʦʥʘʣʽʟʦʚʘʥʽ ʨʝʢʦʤʝʥʜʘʮʽʾ ʟʨʦʟʫʤʽʣʦʶ ʜʣʷ ʢʦʨʠʩʪʫʚʘʯʘ ʤʦʚʦʶ. 

ʉʠʩʪʝʤʘ ʩʧʦʚʽʱʝʥʴ ʪʘ ʧʦʨʘʜ ʨʝʘʣʽʟʦʚʘʥʘ ʫ ʚʠʛʣʷʜʽ ʜʠʥʘʤʽʯʥʠʭ ʙʣʦʢʽʚ ʚ 

ʽʥʪʝʨʬʝʡʩʽ. ʂʦʞʥʝ ʧʦʚʽʜʦʤʣʝʥʥʷ ʬʦʨʤʫʻʪʴʩʷ ʥʘ ʦʩʥʦʚʽ ʜʘʥʠʭ  ʢʦʨʠʩʪʫʚʘʯʘ: 

ʩʠʩʪʝʤʘ ʧʦʧʝʨʝʜʞʘʻ ʧʨʦ ʨʠʟʠʢ ʟʨʠʚʫ ʩʝʨʽʾ, ʚʢʘʟʫʻ ʥʘ ʥʘʡʥʝʙʝʟʧʝʯʥʽʰʠʡ ʜʝʥʴ 

ʪʠʞʥʷ, ʽʥʬʦʨʤʫʻ ʧʨʦ ʥʘʙʣʠʞʝʥʥʷ ʜʦ ʮʽʣʽ ʫ 66 ʚʠʢʦʥʘʥʴ ʘʙʦ ʚʽʜʟʥʘʯʘʻ 

ʨʦʟʙʣʦʢʦʚʘʥʽ ʜʦʩʷʛʥʝʥʥʷ. 

ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʜʠʟʘʡʥʫ - ʚ ʩʠʩʪʝʤʽ ʧʝʨʝʚʘʞʘʶʪʴ ʧʨʠʨʦʜʥʽ 

ʚʽʜʪʽʥʢʠ ʟʝʣʝʥʦʛʦ, ʟʨʦʟʫʤʽʣʘ ʩʪʨʫʢʪʫʨʘ ʩʪʦʨʽʥʦʢ, ʤʽʥʽʤʫʤ ʟʘʡʚʠʭ ʝʣʝʤʝʥʪʽʚ ʽ 

ʯʽʪʢʘ ʣʦʛʽʢʘ ʥʘʚʽʛʘʮʽʾ ʤʽʞ ʜʘʰʙʦʨʜʦʤ, ʪʨʝʢʝʨʦʤ, ʘʥʘʣʽʪʠʢʦʶ ʪʘ ʧʨʦʬʽʣʝʤ 

ʢʦʨʠʩʪʫʚʘʯʘ. 
ʋ ʧʨʦʮʝʩʽ ʜʦʩʣʽʜʞʝʥʥʷ ʧʨʦʙʣʝʤʘʪʠʢʠ ʬʦʨʤʫʚʘʥʥʷ ʟʚʠʯʦʢ ʙʫʣʦ ʟ'ʷʩʦʚʘʥʦ, 

ʱʦ ʙʽʣʴʰʽʩʪʴ ʣʶʜʝʡ ʥʝ ʜʦʪʨʠʤʫʶʪʴʩʷ ʥʦʚʠʭ ʟʚʠʯʦʢ ʜʦʚʰʝ ʜʚʦʭ ʪʠʞʥʽʚ ʯʝʨʝʟ 

ʚʽʜʩʫʪʥʽʩʪʴ ʚʠʤʽʨʶʚʘʥʦʛʦ ʧʨʦʛʨʝʩʫ ʪʘ ʨʦʟʫʤʽʥʥʷ ʚʣʘʩʥʠʭ ʧʦʚʝʜʽʥʢʦʚʠʭ 

ʰʘʙʣʦʥʽʚ. ʎʝ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʧʦʚʪʦʨʶʚʘʥʦʛʦ ʮʠʢʣʫ ʩʧʨʦʙ ʽ ʥʝʚʜʘʯ, ʟʥʠʞʝʥʥʷ 

ʝʬʝʢʪʠʚʥʦʩʪʽ ʪʘ ʚʽʜʤʦʚʠ ʚʽʜ ʦʩʦʙʠʩʪʦʛʦ ʨʦʟʚʠʪʢʫ ʽ ʜʠʩʮʠʧʣʽʥʠ. 

ɿʘʚʜʷʢʠ ʽʥʪʝʛʨʘʮʽʾ ʥʘʫʢʦʚʦ ʦʙˇʨʫʥʪʦʚʘʥʠʭ ʤʘʪʝʤʘʪʠʯʥʠʭ ʤʝʪʦʜʽʚ, 

ʨʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ ʩʧʨʠʷʻ ʬʦʨʤʫʚʘʥʥʶ ʫ ʢʦʨʠʩʪʫʚʘʯʽʚ ʢʦʨʠʩʥʠʭ ʟʚʠʯʦʢ: 

ʥʘʚʯʘʻ ʙʘʯʠʪʠ ʚʣʘʩʥʽ ʰʘʙʣʦʥʠ ʧʦʚʝʜʽʥʢʠ, ʨʦʟʫʤʽʪʠ ʧʨʠʯʠʥʠ ʥʝʚʜʘʯ ʽ ʙʫʜʫʚʘʪʠ 

ʨʝʘʣʽʩʪʠʯʥʽ ʩʪʨʘʪʝʛʽʾ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʮʽʣʝʡ. ʋ ʧʽʜʩʫʤʢʫ ʢʦʨʠʩʪʫʚʘʯʽ ʥʝ ʣʠʰʝ 

ʬʽʢʩʫʶʪʴ ʚʠʢʦʥʘʥʥʷ ʟʘʚʜʘʥʴ, ʘ ʡ ʦʪʨʠʤʫʶʪʴ  ʨʦʟʫʤʽʥʥʷ ʚʣʘʩʥʦʾ ʧʦʚʝʜʽʥʢʠ. 
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ʋ ʤʝʞʘʭ ʥʘʫʢʦʚʦʾ ʨʦʙʦʪʠ ʙʫʣʦ ʩʪʚʦʨʝʥʦ ʚʝʙʟʘʩʪʦʩʫʥʦʢ çWho is absent 

today?è, ʧʨʠʟʥʘʯʝʥʠʡ ʜʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʦʙʣʽʢʫ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ ʩʪʫʜʝʥʪʽʚ ʥʘ 

ʦʩʥʦʚʽ ʘʥʘʣʽʟʫ ʛʨʫʧʦʚʠʭ ʬʦʪʦʛʨʘʬʽʡ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʝʪʦʜʽʚ ʢʦʤʧôʶʪʝʨʥʦʛʦ 

ʟʦʨʫ. 

ɿʘʩʪʦʩʫʥʦʢ ʥʘʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʚʠʢʣʘʜʘʯʘʤ ʢʝʨʫʚʘʪʠ ʥʘʚʯʘʣʴʥʠʤʠ 

ʜʠʩʮʠʧʣʽʥʘʤʠ, ʬʦʨʤʫʚʘʪʠ ʩʧʠʩʢʠ ʩʪʫʜʝʥʪʽʚ ʽ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʟʥʘʯʘʪʠ 

ʧʨʠʩʫʪʥʽʭ ʰʣʷʭʦʤ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʣʠʯʴ. ʇʝʨʝʜʙʘʯʝʥʦ ʬʫʥʢʮʽʾ ʨʝʜʘʛʫʚʘʥʥʷ 

ʨʝʟʫʣʴʪʘʪʽʚ ʪʘ ʧʝʨʝʛʣʷʜʫ ʽʩʪʦʨʽʾ ʟʘʚʘʥʪʘʞʝʥʴ. ɯʥʪʝʣʝʢʪʫʘʣʴʥʠʡ ʘʛʝʥʪ ʥʘ ʦʩʥʦʚʽ 
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ʧʨʘʚʠʣ ʘʥʘʣʽʟʫʻ ʜʘʥʽ ʧʨʦ ʚʽʜʚʽʜʫʚʘʥʽʩʪʴ, ʚʠʷʚʣʷʻ ʩʪʫʜʝʥʪʽʚ ʽʟ ʥʠʟʴʢʠʤʠ 

ʧʦʢʘʟʥʠʢʘʤʠ ʧʨʠʩʫʪʥʦʩʪʽ ʪʘ ʘʚʪʦʤʘʪʠʯʥʦ ʥʘʜʩʠʣʘʻ ʩʧʦʚʽʱʝʥʥʷ ʩʪʫʜʝʥʪʘʤ ʽ 

ʚʠʢʣʘʜʘʯʘʤ. 

ʇʨʦʻʢʪ ʨʝʘʣʽʟʦʚʘʥʦ ʤʦʚʦʶ ʧʨʦʛʨʘʤʫʚʘʥʥʷ Python ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʬʨʝʡʤʚʦʨʢʫ Flask, ʷʢʠʡ ʟʘʙʝʟʧʝʯʫʻ ʟʨʫʯʥʫ ʤʘʨʰʨʫʪʠʟʘʮʽʶ, ʦʙʨʦʙʢʫ ʬʦʨʤ ʽ 

ʨʦʙʦʪʫ ʟ ʢʦʨʠʩʪʫʚʘʮʴʢʠʤʠ ʩʝʩʽʷʤʠ. 

ɻʦʣʦʚʥʠʤ ʢʦʤʧʦʥʝʥʪʦʤ ʩʠʩʪʝʤʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʣʠʯʴ ʻ ʙʽʙʣʽʦʪʝʢʘ 

face_recognition, ʷʢʘ ʻ Python-ʦʙʛʦʨʪʢʦʶ ʥʘʜ C++ ʙʽʙʣʽʦʪʝʢʦʶ dlib, 

ʧʨʠʟʥʘʯʝʥʦʶ ʜʣʷ ʟʘʜʘʯ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ. ɺʦʥʘ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʧʦʧʝʨʝʜʥʴʦ ʥʘʪʨʝʥʦʚʘʥʫ ʤʦʜʝʣʴ 

dlib_face_recognition_resnet_model_v1, ʧʦʙʫʜʦʚʘʥʫ ʥʘ ʦʩʥʦʚʽ ʟʛʦʨʪʢʦʚʦʾ 

ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʘʨʭʽʪʝʢʪʫʨʠ ResNet-34 ʽ ʥʘʚʯʝʥʦʾ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ triplet 

loss.  ʄʦʜʝʣʴ ʜʝʤʦʥʩʪʨʫʻ ʪʦʯʥʽʩʪʴ 99.38% ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ Labeled Faces in the 

Wild (LFW), ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʾʾ ʚʠʩʦʢʫ ʥʘʜʽʡʥʽʩʪʴ. ɹʽʙʣʽʦʪʝʢʘ ʥʘʜʘʻ ʟʨʫʯʥʽ 

ʟʘʩʦʙʠ ʜʣʷ ʧʦʰʫʢʫ ʡ ʣʦʢʘʣʽʟʘʮʽʾ ʦʙʣʠʯʴ, ʘ ʪʘʢʦʞ ʜʣʷ ʦʙʯʠʩʣʝʥʥʷ ʝʤʙʝʜʜʠʥʛʽʚ 

ï ʯʠʩʣʦʚʠʭ ʚʝʢʪʦʨʽʚ, ʱʦ ʦʧʠʩʫʶʪʴ ʫʥʽʢʘʣʴʥʽ ʨʠʩʠ ʢʦʞʥʦʛʦ ʦʙʣʠʯʯʷ. 

ʋ ʨʝʘʣʽʟʦʚʘʥʦʤʫ ʚʝʙʟʘʩʪʦʩʫʥʢʫ ʙʽʙʣʽʦʪʝʢʘ face_recognition 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʧʦʙʫʜʦʚʠ ʙʘʟʠ ʚʽʜʦʤʠʭ ʩʪʫʜʝʥʪʽʚ ʽ ʧʦʜʘʣʴʰʦʛʦ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʣʠʯʴ ʥʘ ʛʨʫʧʦʚʠʭ ʬʦʪʦʛʨʘʬʽʷʭ. ɼʣʷ ʢʦʞʥʦʛʦ ʩʪʫʜʝʥʪʘ ʽʟ 

ʭʤʘʨʥʦʛʦ ʩʭʦʚʠʱʘ Amazon S3 ʟʘʚʘʥʪʘʞʫʻʪʴʩʷ ʥʘʙʽʨ ʬʦʪʦʛʨʘʬʽʡ, 

ʦʙʯʠʩʣʶʶʪʴʩʷ ʝʤʙʝʜʜʠʥʛʠ ʦʙʣʠʯʴ, ʧʽʩʣʷ ʯʦʛʦ ʨʦʟʨʘʭʦʚʫʻʪʴʩʷ ʾʭ ʩʝʨʝʜʥʻ 

ʟʥʘʯʝʥʥʷ. ʆʪʨʠʤʘʥʠʡ ʚʝʢʪʦʨ ʟʙʝʨʽʛʘʻʪʴʩʷ ʚ ʙʘʟʽ ʜʘʥʠʭ ʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ 

ʧʦʨʽʚʥʷʥʥʷ ʟ ʝʤʙʝʜʜʠʥʛʘʤʠ ʦʙʣʠʯʴ, ʟʥʘʡʜʝʥʠʭ ʥʘ ʥʦʚʠʭ ʛʨʫʧʦʚʠʭ ʬʦʪʦ. ʗʢʱʦ 

ʝʚʢʣʽʜʦʚʘ ʚʽʜʩʪʘʥʴ ʤʽʞ ʚʝʢʪʦʨʘʤʠ ʻ ʤʝʥʰʦʶ ʟʘ ʚʩʪʘʥʦʚʣʝʥʠʡ ʧʦʨʽʛ, ʦʙʣʠʯʯʷ 

ʚʚʘʞʘʻʪʴʩʷ ʨʦʟʧʽʟʥʘʥʠʤ. ɼʣʷ ʣʦʢʘʣʽʟʘʮʽʾ ʦʙʣʠʯ ʙʽʙʣʽʦʪʝʢʘ face_recognition ʜʘʻ 

ʚʠʙʽʨ ʤʽʞ ʜʚʦʤʘ ʤʦʜʝʣʷʤʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ: hog (Histogram of Oriented Gradients) 

ʪʘ cnn (ʥʘ ʦʩʥʦʚʽ ʟʛʦʨʪʢʦʚʦʾ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ). ʋ ʮʴʦʤʫ ʧʨʦʻʢʪʽ ʙʫʣʦ ʦʙʨʘʥʦ 

ʤʦʜʝʣʴ hog, ʷʢʘ ʭʦʯ ʽ ʧʦʩʪʫʧʘʻʪʴʩʷ cnn ʫ ʪʦʯʥʦʩʪʽ ʥʘ ʩʢʣʘʜʥʠʭ ʘʙʦ 

ʥʠʟʴʢʦʷʢʽʩʥʠʭ ʟʦʙʨʘʞʝʥʥʷʭ, ʾʾ ʚʠʢʦʨʠʩʪʘʥʥʷ ʚʠʧʨʘʚʜʘʥʝ ʟʘʚʜʷʢʠ ʟʥʘʯʥʦ ʚʠʱʽʡ 

ʰʚʠʜʢʦʩʪʽ ʪʘ ʚʽʜʩʫʪʥʦʩʪʽ ʧʦʪʨʝʙʠ ʚ ʛʨʘʬʽʯʥʦʤʫ ʧʨʦʮʝʩʦʨʽ. ʆʩʢʽʣʴʢʠ ʥʘ 

ʛʨʫʧʦʚʠʭ ʬʦʪʦʛʨʘʬʽʷʭ ʯʘʩʪʠʥʘ ʦʙʣʠʯʴ ʤʦʞʝ ʙʫʪʠ ʤʘʣʦʛʦ ʨʦʟʤʽʨʫ ʘʙʦ 

ʨʦʟʪʘʰʦʚʫʚʘʪʠʩʷ ʥʘ ʟʥʘʯʥʽʡ ʚʽʜʩʪʘʥʽ ʚʽʜ ʢʘʤʝʨʠ, ʧʝʨʝʜ ʝʪʘʧʦʤ ʣʦʢʘʣʽʟʘʮʽʾ ʙʫʣʦ 

ʚʠʢʦʨʠʩʪʘʥʦ ʜʦʜʘʪʢʦʚʝ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʟʦʙʨʘʞʝʥʥʷ. ʎʝ ʜʘʣʦ ʟʤʦʛʫ ʜʝʪʝʢʪʦʨʫ 

ʝʬʝʢʪʠʚʥʽʰʝ ʚʠʷʚʣʷʪʠ ʜʨʽʙʥʽ ʦʙʣʠʯʯʷ ʪʘ ʧʦʢʨʘʱʠʣʦ ʨʝʟʫʣʴʪʘʪʠ ʨʦʟʧʽʟʥʘʚʘʥʥʷ. 
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ɼʣʷ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ ʪʘ ʥʘʥʝʩʝʥʥʷ ʧʽʜʧʠʩʽʚ ʚʠʢʦʨʠʩʪʘʥʦ ʙʽʙʣʽʦʪʝʢʠ 

OpenCV ʽ Pillow. ɿʦʢʨʝʤʘ, OpenCV ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʜʣʷ ʨʦʙʦʪʠ ʟ ʬʦʨʤʘʪʘʤʠ 

ʟʦʙʨʘʞʝʥʴ ʽ ʧʝʨʝʪʚʦʨʝʥʥʷʤ ʢʦʣʽʨʥʠʭ ʧʨʦʩʪʦʨʽʚ, ʘ Pillow ʜʣʷ ʜʦʜʘʚʘʥʥʷ 

ʧʽʜʧʠʩʽʚ ʽʟ ʧʽʜʪʨʠʤʢʦʶ ʫʢʨʘʾʥʩʴʢʦʾ ʤʦʚʠ, ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʰʨʠʬʪʽʚ ʽ ʩʪʠʣʽʚ. 

ʇʽʜʧʠʩʘʥʽ ʽʤʝʥʘ ʩʪʫʜʝʥʪʽʚ ʩʪʘʶʪʴ ʜʦʙʨʝ ʧʦʤʽʪʥʠʤʠ ʧʨʠ ʟʙʽʣʴʰʝʥʥʽ 

ʟʦʙʨʘʞʝʥʥʷ (ʈʠʩ. 1). 

ʈʠʩ. 1. ʇʨʠʢʣʘʜ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʦʙʣʠʯʴ ʩʪʫʜʝʥʪʽʚ ʥʘ ʟʘʥʷʪʪʽ 

ɺʝʙʟʘʩʪʦʩʫʥʦʢ ʧʽʜʪʨʠʤʫʻ ʟʘʚʘʥʪʘʞʝʥʥʷ ʢʽʣʴʢʦʭ ʬʦʪʦʛʨʘʬʽʡ ʜʣʷ ʦʜʥʦʛʦ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ, ʱʦ ʻ ʟʨʫʯʥʠʤ ʫ ʚʠʧʘʜʢʘʭ, ʢʦʣʠ ʛʨʫʧʘ ʚʝʣʠʢʘ ʘʙʦ ʩʪʫʜʝʥʪʠ ʨʦʟ-

ʪʘʰʦʚʘʥʽ ʚ ʘʫʜʠʪʦʨʽʾ ʪʘʢ, ʱʦ ʾʭ ʩʢʣʘʜʥʦ ʟʘʬʽʢʩʫʚʘʪʠ ʥʘ ʦʜʥʦʤʫ ʟʥʽʤʢʫ. ʈʝʟʫʣʴ-

ʪʘʪʠ ʟ ʫʩʽʭ ʟʦʙʨʘʞʝʥʴ ʦʙôʻʜʥʫʶʪʴʩʷ ʚ ʤʝʞʘʭ ʦʜʥʦʛʦ ʟʘʧʠʩʫ ʟʘʥʷʪʪʷ, ʘ ʧʦʚʪʦʨʠ 

ʘʚʪʦʤʘʪʠʯʥʦ ʫʩʫʚʘʶʪʴʩʷ, ʱʦʙ ʦʜʠʥ ʽ ʪʦʡ ʩʘʤʠʡ ʩʪʫʜʝʥʪ ʥʝ ʧʦʪʨʘʧʣʷʚ ʜʦ ʩʧʠ-

ʩʢʫ ʧʨʠʩʫʪʥʽʭ ʢʽʣʴʢʘ ʨʘʟʽʚ. 

ɺʘʞʣʠʚʦʶ ʯʘʩʪʠʥʦʶ ʩʠʩʪʝʤʠ ʻ ʧʝʨʝʚʽʨʢʘ ʨʝʟʫʣʴʪʘʪʽʚ ʚʠʢʣʘʜʘʯʝʤ. ʇʽʩʣʷ 

ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʚʽʥ ʤʦʞʝ ʧʝʨʝʛʣʷʥʫʪʠ ʡ ʚʽʜʨʝʜʘʛʫʚʘʪʠ ʩʧʠʩʦʢ 

ʽʜʝʥʪʠʬʽʢʦʚʘʥʠʭ ʩʪʫʜʝʥʪʽʚ, ʜʦʜʘʪʠ ʜʦ ʩʧʠʩʢʫ ʧʨʝʜʤʝʪʘ ʥʦʚʦʛʦ ʩʪʫʜʝʥʪʘ ʘʙʦ 

ʧʨʦʽʛʥʦʨʫʚʘʪʠ ʟʘʡʚʠʡ ʟʘʧʠʩ. ʃʠʰʝ ʧʽʩʣʷ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʨʝʟʫʣʴʪʘʪ ʚʠʢʦʨʠʩʪʦ-

ʚʫʻʪʴʩʷ ʜʣʷ ʦʥʦʚʣʝʥʥʷ ʞʫʨʥʘʣʫ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ. ɼʣʷ ʟʨʫʯʥʦʩʪʽ ʨʦʙʦʪʠ ʟ ʨʝʟʫʣʴ-

ʪʘʪʘʤʠ ʨʝʘʣʽʟʦʚʘʥʦ ʽʩʪʦʨʽʶ ʨʦʟʧʽʟʥʘʚʘʥʴ, ʜʝ ʤʦʞʥʘ ʧʝʨʝʛʣʷʜʘʪʠ ʦʨʠʛʽʥʘʣʴʥʽ 

ʬʦʪʦ ʪʘ ʟʦʙʨʘʞʝʥʥʷ ʟ ʧʽʜʧʠʩʘʤʠ, ʚʥʦʩʠʪʠ ʟʤʽʥʠ ʜʦ ʨʝʟʫʣʴʪʘʪʽʚ ʽ ʘʚʪʦʤʘʪʠʯʥʦ 

ʟʘʧʫʩʢʘʪʠ ʧʝʨʝʨʘʭʫʥʦʢ ʩʪʘʪʠʩʪʠʢʠ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ. ʊʘʢʦʞ ʧʝʨʝʜʙʘʯʝʥʦ ʤʦʞʣʠ-

ʚʽʩʪʴ ʟʘʚʘʥʪʘʞʝʥʥʷ ʩʧʠʩʢʽʚ ʧʨʠʩʫʪʥʽʭ ʫ CSV-ʬʦʨʤʘʪʽ, ʦʨʠʛʽʥʘʣʴʥʠʭ ʬʦʪʦ ʪʘ 

ʦʙʨʦʙʣʝʥʠʭ ʟʦʙʨʘʞʝʥʴ ʧʽʩʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ. 
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ɼʣʷ ʢʦʤʬʦʨʪʫ ʚʠʢʣʘʜʘʯʽʚ ʫ ʟʘʩʪʦʩʫʥʢʫ ʨʝʘʣʽʟʦʚʘʥʦ ʤʦʜʫʣʴ ʢʝʨʫʚʘʥʥʷ 

ʥʘʚʯʘʣʴʥʠʤʠ ʜʠʩʮʠʧʣʽʥʘʤʠ (ʈʠʩ. 2), ʷʢʠʡ ʫʩʫʚʘʻ ʧʦʪʨʝʙʫ ʜʦʜʘʪʢʦʚʦʛʦ ʚʝʜʝʥʥʷ 

ʩʧʠʩʢʽʚ ʩʪʫʜʝʥʪʽʚ ʫ ʩʪʦʨʦʥʥʽʭ ʩʝʨʚʽʩʘʭ. ɺʽʥ ʜʘʻ ʟʤʦʛʫ ʚʠʢʣʘʜʘʯʝʚʽ ʩʪʚʦʨʶʚʘʪʠ 

ʚʣʘʩʥʽ ʧʨʝʜʤʝʪʠ, ʬʦʨʤʫʚʘʪʠ ʜʣʷ ʥʠʭ ʩʧʠʩʢʠ ʩʪʫʜʝʥʪʽʚ, ʘ ʪʘʢʦʞ ʧʝʨʝʛʣʷʜʘʪʠ 

ʟʘʛʘʣʴʥʫ ʡ ʽʥʜʠʚʽʜʫʘʣʴʥʫ ʩʪʘʪʠʩʪʠʢʫ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ. ʗʢʱʦ ʞ ʧʽʜ ʯʘʩ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʥʘ ʬʦʪʦ ʧʦʪʨʘʧʠʚ ʩʪʫʜʝʥʪ, ʱʦ ʥʝ ʥʘʣʝʞʠʪʴ ʜʦ ʥʘʚʯʘʣʴʥʦʾ ʛʨʫʧʠ, 

ʩʠʩʪʝʤʘ ʟʘʧʨʦʧʦʥʫʻ ʜʦʜʘʪʠ ʡʦʛʦ ʚ ʦʜʠʥ ʢʣʽʢ ʘʙʦ ʞ ʧʨʦʽʛʥʦʨʫʚʘʪʠ ʡʦʛʦ 

ʧʨʠʩʫʪʥʽʩʪʴ. 

ʈʠʩ. 2. ʉʪʦʨʽʥʢʘ ʢʝʨʫʚʘʥʥʷ ʥʘʚʯʘʣʴʥʠʤʠ ʜʠʩʮʠʧʣʽʥʘʤʠ 

ʋʥʽʢʘʣʴʥʦʶ ʦʩʦʙʣʠʚʽʩʪʶ ʚʝʙʟʘʩʪʦʩʫʥʢʫ ñWho is absent today?ò ʩʪʘʣʘ 

ʽʤʧʣʝʤʝʥʪʘʮʽʷ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʛʦ ʘʛʝʥʪʘ ʤʦʥʽʪʦʨʠʥʛʫ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ, ʷʢʠʡ ʥʘ 

ʦʩʥʦʚʽ ʟʘʜʘʥʠʭ ʧʨʘʚʠʣ ʘʥʘʣʽʟʫʻ ʩʪʘʪʠʩʪʠʢʫ ʧʨʠʩʫʪʥʦʩʪʽ ʩʪʫʜʝʥʪʽʚ, ʚʠʷʚʣʷʻ 

ʚʠʧʘʜʢʠ, ʱʦ ʧʦʪʨʝʙʫʶʪʴ ʫʚʘʛʠ, ʽ ʥʘʜʩʠʣʘʻ ʧʦʧʝʨʝʜʞʫʚʘʣʴʥʽ ʩʧʦʚʽʱʝʥʥʷ. ɸʛʝʥʪ 

ʧʽʜʨʘʭʦʚʫʻ ʢʽʣʴʢʽʩʪʴ ʟʘʥʷʪʴ, ʧʨʠʩʫʪʥʦʩʪʝʡ, ʚʽʜʩʦʪʦʢ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ ʪʘ 

ʧʨʦʧʫʩʢʠ ʧʦʩʧʽʣʴ. ʗʢʱʦ ʩʪʫʜʝʥʪ ʤʘʻ ʪʨʠ ʘʙʦ ʙʽʣʴʰʝ ʧʨʦʧʫʩʢʠ ʧʽʜʨʷʜ ʯʠ ʡʦʛʦ 

ʟʘʛʘʣʴʥʘ ʚʽʜʚʽʜʫʚʘʥʽʩʪʴ ʩʪʘʻ ʥʠʞʯʦʶ ʟʘ 60%, ʩʠʩʪʝʤʘ ʬʦʨʤʫʻ ʧʦʧʝʨʝʜʞʝʥʥʷ ʪʘ 

ʥʘʜʩʠʣʘʻ ʝʣʝʢʪʨʦʥʥʽ ʣʠʩʪʠ ʩʪʫʜʝʥʪʦʚʽ ʽ ʚʠʢʣʘʜʘʯʝʚʽ ʯʝʨʝʟ ʧʨʦʪʦʢʦʣ SMTP. ʎʝ 

ʻ ʟʨʫʯʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʰʚʠʜʢʦʛʦ ʨʝʘʛʫʚʘʥʥʷ ʥʘ ʧʨʦʙʣʝʤʫ ʩʠʩʪʝʤʘʪʠʯʥʠʭ 

ʧʨʦʧʫʩʢʽʚ ʟʘʥʷʪʴ. ʑʦʙ ʫʥʠʢʥʫʪʠ ʥʘʜʤʽʨʥʦʛʦ ʧʦʪʦʢʫ ʧʦʚʽʜʦʤʣʝʥʴ, ʫ ʩʠʩʪʝʤʽ 
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ʨʝʘʣʽʟʦʚʘʥʦ ʤʝʭʘʥʽʟʤ ʦʙʤʝʞʝʥʥʷ ʯʘʩʪʦʪʠ ʥʘʜʩʠʣʘʥʥʷ ʪʘ ʦʙôʻʜʥʘʥʥʷ ʢʽʣʴʢʦʭ 

ʩʧʨʘʮʶʚʘʥʴ ʫ ʤʝʞʘʭ ʦʜʥʦʛʦ ʟʘʥʷʪʪʷ ʚ ʦʜʠʥ ʣʠʩʪ ʜʣʷ ʚʠʢʣʘʜʘʯʘ. 

ɼʣʷ ʟʙʝʨʽʛʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ ʧʨʦ ʢʦʨʠʩʪʫʚʘʯʽʚ, ʩʪʫʜʝʥʪʽʚ, ʥʘʚʯʘʣʴʥʽ 

ʧʨʝʜʤʝʪʠ, ʽʩʪʦʨʽʶ ʨʦʟʧʽʟʥʘʚʘʥʴ ʪʘ ʩʪʘʪʠʩʪʠʢʫ ʚʽʜʚʽʜʫʚʘʥʦʩʪʽ ʚʠʢʦʨʠʩʪʘʥʦ ʙʘʟʫ 

ʜʘʥʠʭ PostgreSQL. ʌʦʪʦʛʨʘʬʽʾ ʥʝ ʟʙʝʨʽʛʘʶʪʴʩʷ ʣʦʢʘʣʴʥʦ, ʘ ʟʘʚʘʥʪʘʞʫʶʪʴʩʷ ʜʦ 

ʭʤʘʨʥʦʛʦ ʩʭʦʚʠʱʘ Amazon S3, ʱʦ ʜʦʧʦʤʘʛʘʻ ʫʥʠʢʥʫʪʠ ʧʨʦʙʣʝʤ ʽʟ 

ʦʙʤʝʞʝʥʥʷʤʠ ʦʙʩʷʛʫ ʜʠʩʢʫ ʪʘ ʟʘʙʝʟʧʝʯʫʻ ʟʨʫʯʥʠʡ ʽ ʙʝʟʧʝʯʥʠʡ ʜʦʩʪʫʧ ʜʦ 

ʬʘʡʣʽʚ. 

ɺʝʙʟʘʩʪʦʩʫʥʦʢ ʧʽʜʪʨʠʤʫʻ ʙʘʛʘʪʦʢʦʨʠʩʪʫʚʘʮʴʢʠʡ ʨʝʞʠʤ ʟ 

ʘʫʪʝʥʪʠʬʽʢʘʮʽʻʶ, ʪʦʤʫ ʢʦʞʝʥ ʚʠʢʣʘʜʘʯ ʤʘʻ ʜʦʩʪʫʧ ʣʠʰʝ ʜʦ ʚʣʘʩʥʠʭ 

ʥʘʚʯʘʣʴʥʠʭ ʜʠʩʮʠʧʣʽʥ ʪʘ ʽʩʪʦʨʽʾ ʨʦʟʧʽʟʥʘʚʘʥʴ. ʇʘʨʦʣʽ ʟʙʝʨʽʛʘʶʪʴʩʷ ʫ 

ʭʝʰʦʚʘʥʦʤʫ ʚʠʛʣʷʜʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ bcrypt, ʘ ʜʦʩʪʫʧ ʜʦ ʟʦʙʨʘʞʝʥʴ ʚ 

ʽʩʪʦʨʽʾ ʟʜʽʡʩʥʶʻʪʴʩʷ ʯʝʨʝʟ ʪʠʤʯʘʩʦʚʽ ʧʽʜʧʠʩʘʥʽ URL-ʧʦʩʠʣʘʥʥʷ (signed URL),  

ʟʛʝʥʝʨʦʚʘʥʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ boto3. ʊʘʢʽ ʧʦʩʠʣʘʥʥʷ ʤʘʶʪʴ ʦʙʤʝʞʝʥʠʡ 

ʪʝʨʤʽʥ ʜʽʾ ʪʘ ʧʽʜʚʠʱʫʶʪʴ ʙʝʟʧʝʢʫ ʜʦʩʪʫʧʫ ʜʦ ʬʘʡʣʽʚ. 

ɯʥʪʝʨʬʝʡʩ ʨʝʘʣʽʟʦʚʘʥʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ Flask Templates, HTML, CSS 

(ʟʦʢʨʝʤʘ ʙʽʙʣʽʦʪʝʢʠ ʛʨʘʬʽʯʥʦʛʦ ʽʥʪʝʨʬʝʡʩʫ Bootstrap, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ 

ʘʜʘʧʪʠʚʥʽʩʪʴ, ʜʦʩʪʫʧʥʽʩʪʴ ʪʘ ʟʨʫʯʥʫ ʥʘʚʽʛʘʮʽʶ) ʽ JavaScript.  

ʊʘʢʠʤ ʯʠʥʦʤ, ʩʪʚʦʨʝʥʠʡ ʚʝʙʟʘʩʪʦʩʫʥʦʢ ʻ ʧʦʚʥʦʮʽʥʥʠʤ ʽʥʪʝʨʘʢʪʠʚʥʠʤ 

ʩʝʨʚʽʩʦʤ, ʱʦ ʧʦʻʜʥʫʻ ʤʝʪʦʜʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʭʤʘʨʥʽ ʪʝʭʥʦʣʦʛʽʾ ʪʘ ʩʫʯʘʩʥʽ 

ʚʝʙʽʥʩʪʨʫʤʝʥʪʠ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʨʝʘʣʴʥʦʾ ʟʘʜʘʯʽ ʫ ʩʬʝʨʽ ʦʩʚʽʪʠ. ɺʽʥ ʥʝ ʣʠʰʝ 

ʘʚʪʦʤʘʪʠʟʫʻ ʬʽʢʩʘʮʽʶ ʧʨʠʩʫʪʥʦʩʪʽ ʥʘ ʟʘʥʷʪʪʷʭ, ʘʣʝ ʡ  ʜʦʧʦʤʘʛʘʻ ʚʠʢʣʘʜʘʯʘʤ 

ʢʨʘʱʝ ʟʘʧʘʤôʷʪʦʚʫʚʘʪʠ ʽʤʝʥʘ ʩʪʫʜʝʥʪʽʚ ʟʘʚʜʷʢʠ ʧʽʜʧʠʩʘʤ ʥʘ ʬʦʪʦ. ɸ ʟʽʙʨʘʥʘ 

ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʤ ʘʛʝʥʪʦʤ ʩʪʘʪʠʩʪʠʢʘ ʜʘʻ ʫʷʚʣʝʥʥʷ ʧʨʦ ʟʘʛʘʣʴʥʽ ʪʘ 

ʽʥʜʠʚʽʜʫʘʣʴʥʽ ʪʝʥʜʝʥʮʽʾ ʚʽʜʚʽʜʫʚʘʥʥʷ ʩʪʫʜʝʥʪʘʤʠ ʟʘʥʷʪʴ, ʜʘʶʯʠ ʟʤʦʛʫ 

ʧʨʦʚʦʜʠʪʠ ʜʝʪʘʣʴʥʠʡ ʘʥʘʣʽʟ ʽ ʚʯʘʩʥʦ ʨʝʘʛʫʚʘʪʠ ʥʘ ʚʠʧʘʜʢʠ ʩʠʩʪʝʤʘʪʠʯʥʠʭ 

ʧʨʦʧʫʩʢʽʚ. ʋ ʧʦʜʘʣʴʰʦʤʫ ʬʫʥʢʮʽʦʥʘʣʴʥʽʩʪʴ ʩʠʩʪʝʤʠ ʤʦʞʥʘ ʨʦʟʰʠʨʠʪʠ, 

ʟʦʢʨʝʤʘ ʰʣʷʭʦʤ ʽʥʪʝʛʨʘʮʽʾ ʟ ʝʣʝʢʪʨʦʥʥʠʤʠ ʥʘʚʯʘʣʴʥʠʤʠ ʧʣʘʪʬʦʨʤʘʤʠ ʪʘ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʚ ʟʘʢʣʘʜʘʭ ʦʩʚʽʪʠ ʥʘ ʱʦʜʝʥʥʽʡ ʦʩʥʦʚʽ. 
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ʥʘʡʙʽʣʴʰ ʟʘʪʨʝʙʫʚʘʥʠʭ ʢʦʤʧʝʪʝʥʮʽʡ ʥʘ ʨʠʥʢʫ ʧʨʘʮʽ ʫ ʩʬʝʨʽ ɯʊ [1]. ɺʦʜʥʦʯʘʩ 

ʧʽʜʛʦʪʦʚʢʘ ʬʘʭʽʚʮʽʚ ʟʘʟʥʘʻ ʩʫʪʪʻʚʠʭ ʪʨʫʜʥʦʱʽʚ: ʚʽʜʩʫʪʥʽʩʪʴ ʨʝʘʣʽʩʪʠʯʥʠʭ 

ʪʨʝʥʘʞʝʨʽʚ, ʜʝ ʤʦʞʥʘ ʧʨʘʢʪʠʢʫʚʘʪʠ ʚʠʷʚʣʝʥʥʷ ʜʝʬʝʢʪʽʚ ʙʝʟ ʨʠʟʠʢʫ ʜʣʷ 

ʨʝʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʩʫʪʪʻʚʦ ʫʧʦʚʽʣʴʥʶʻ ʥʘʙʫʪʪʷ ʧʨʘʢʪʠʯʥʠʭ ʥʘʚʠʯʦʢ. ɹʽʣʴʰʽʩʪʴ 

ʥʘʚʯʘʣʴʥʠʭ ʩʝʨʝʜʦʚʠʱ ʻ ʘʙʦ ʥʘʜʪʦ ʩʧʨʦʱʝʥʠʤʠ, ʘʙʦ ʚʠʤʘʛʘʶʪʴ ʟʥʘʯʥʠʭ 

ʨʝʩʫʨʩʽʚ ʜʣʷ ʨʦʟʛʦʨʪʘʥʥʷ. ʉʘʤʝ ʮʷ ʧʨʦʛʘʣʠʥʘ ʩʪʘʣʘ ʧʽʜʩʪʘʚʦʶ ʜʣʷ ʨʦʟʨʦʙʢʠ 

ʧʣʘʪʬʦʨʤʠ BugHunter. 

BugHunter ʻ ʧʦʚʥʦʬʫʥʢʮʽʦʥʘʣʴʥʠʤ ʚʝʙ-ʟʘʩʪʦʩʫʥʢʦʤ, ʱʦ ʚʽʜʪʚʦʨʶʻ 

ʨʝʘʣʴʥʝ ʨʦʙʦʯʝ ʩʝʨʝʜʦʚʠʱʝ ɯʊ-ʢʦʤʘʥʜʠ. ʇʣʘʪʬʦʨʤʘ ʩʣʫʛʫʻ ʦʜʥʦʯʘʩʥʦ 

ʪʨʝʥʘʞʝʨʦʤ ʜʣʷ ʪʝʩʪʫʚʘʣʴʥʠʢʽʚ-ʧʦʯʘʪʢʽʚʮʽʚ ʽ ʧʦʚʥʦʮʽʥʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ 

ʢʦʣʘʙʦʨʘʮʽʾ ʜʣʷ ʥʘʚʯʘʣʴʥʠʭ ʧʨʦʻʢʪʥʠʭ ʢʦʤʘʥʜ, ʱʦ ʩʢʣʘʜʘʶʪʴʩʷ ʟ ʤʝʥʝʜʞʝʨʽʚ 

ʧʨʦʜʫʢʪʫ, ʨʦʟʨʦʙʥʠʢʽʚ, QA-ʽʥʞʝʥʝʨʽʚ ʽ DevOps-ʬʘʭʽʚʮʽʚ. 

ɸʨʭʽʪʝʢʪʫʨʘ, ʪʝʭʥʽʯʥʘ ʨʝʘʣʽʟʘʮʽʷ ʪʘ ʭʤʘʨʥʝ ʨʦʟʛʦʨʪʘʥʥʷ 

ʇʣʘʪʬʦʨʤʘ ʨʝʘʣʽʟʦʚʘʥʘ ʥʘ ʤʦʚʽ Python ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʚʝʙ-

ʬʨʝʡʤʚʦʨʢʫ Flask ʽ ʉʋɹɼ PostgreSQL. ɼʣʷ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ 

ʤʝʭʘʥʽʟʤ JWT-ʪʦʢʝʥʽʚ (flask-jwt-extended), ʱʦ ʟʘʙʝʟʧʝʯʫʻ stateless-

ʘʚʪʝʥʪʠʬʽʢʘʮʽʶ ʽ ʤʦʞʣʠʚʽʩʪʴ ʤʘʩʰʪʘʙʫʚʘʥʥʷ. ʄʽʛʨʘʮʽʾ ʩʭʝʤʠ ʙʘʟʠ ʜʘʥʠʭ 

ʢʝʨʫʶʪʴʩʷ ʯʝʨʝʟ Alembic. ʋʩʽ ʢʦʤʧʦʥʝʥʪʠ ʢʦʥʪʝʡʥʝʨʠʟʦʚʘʥʽ ʟʘ ʜʦʧʦʤʦʛʦʶ 

Docker Compose: ʦʢʨʝʤʽ ʩʝʨʚʽʩʠ ʜʣʷ ʙʘʟʠ ʜʘʥʠʭ, ʙʝʢʝʥʜʫ ʪʘ Nginx ʷʢ 

ʟʚʦʨʦʪʥʦʛʦ ʧʨʦʢʩʽ-ʩʝʨʚʝʨʘ ʫʪʚʦʨʶʶʪʴ ʯʽʪʢʦ ʽʟʦʣʴʦʚʘʥʝ ʦʪʦʯʝʥʥʷ. REST API 

ʧʦʢʨʠʪʦ ʘʚʪʦʤʘʪʠʯʥʦʶ ʜʦʢʫʤʝʥʪʘʮʽʻʶ Swagger (Flasgger). 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʧʫʙʣʽʯʥʦʾ ʜʦʩʪʫʧʥʦʩʪʽ ʪʘ ʜʝʤʦʥʩʪʨʘʮʽʾ ʨʝʘʣʴʥʠʭ 

DevOps-ʧʨʘʢʪʠʢ ʧʣʘʪʬʦʨʤʫ ʧʦʚʥʽʩʪʶ ʨʦʟʛʦʨʥʫʪʦ ʫ ʭʤʘʨʽ Microsoft Azure [2]. 

ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ Azure Web App Service ʜʣʷ ʭʦʩʪʠʥʛʫ ʟʘʩʪʦʩʫʥʢʫ ʪʘ Azure 

Database for PostgreSQL ʷʢ ʢʝʨʦʚʘʥʠʡ ʨʝʣʷʮʽʡʥʠʡ ʩʝʨʚʝʨ ʙʘʟʠ ʜʘʥʠʭ. ʊʘʢʠʡ 

ʧʽʜʭʽʜ ʫʩʫʚʘʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʣʦʢʘʣʴʥʦʛʦ ʨʦʟʛʦʨʪʘʥʥʷ ʜʣʷ ʢʽʥʮʝʚʠʭ ʢʦʨʠʩʪʫʚʘʯʽʚ 

ʽ ʜʦʟʚʦʣʷʻ DevOps-ʫʯʘʩʥʠʢʘʤ ʢʦʤʘʥʜʠ ʚʽʜʧʨʘʮʴʦʚʫʚʘʪʠ ʥʘʚʠʯʢʠ 

ʢʦʥʬʽʛʫʨʫʚʘʥʥʷ ʭʤʘʨʥʠʭ ʩʝʨʚʽʩʽʚ, ʫʧʨʘʚʣʽʥʥʷ ʟʤʽʥʥʠʤʠ ʦʪʦʯʝʥʥʷ ʪʘ CI/CD-

ʧʘʡʧʣʘʡʥʽʚ ʫ ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ. 
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ʈʠʩ. 1. ʇʘʥʝʣʴ Azure Portal ʟ ʨʦʟʛʦʨʥʫʪʠʤʠ ʩʝʨʚʽʩʘʤʠ 

ʌʫʥʢʮʽʦʥʘʣʴʥʽ ʤʦʜʫʣʽ ʧʣʘʪʬʦʨʤʠ 

BugHunter ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʰʝʩʪʠ ʚʟʘʻʤʦʧʦʚ'ʷʟʘʥʠʭ ʤʦʜʫʣʽʚ: 

1. ʄʝʥʝʜʞʝʨ ʪʝʩʪ-ʢʝʡʩʽʚ. ɼʦʟʚʦʣʷʻ ʩʪʚʦʨʶʚʘʪʠ, ʨʝʜʘʛʫʚʘʪʠ ʪʘ ʚʠʜʘʣʷʪʠ 

ʪʝʩʪ-ʢʝʡʩʠ ʟ ʜʦʚʽʣʴʥʦʶ ʢʽʣʴʢʽʩʪʶ ʢʨʦʢʽʚ, ʪʝʩʪʦʚʠʤʠ ʜʘʥʠʤʠ ʡ ʦʯʽʢʫʚʘʥʠʤʠ 

ʨʝʟʫʣʴʪʘʪʘʤʠ. ʇʽʜʪʨʠʤʫʶʪʴʩʷ ʩʠʩʪʝʤʥʽ (ʰʘʙʣʦʥʥʽ) ʪʘ ʢʦʨʠʩʪʫʚʘʮʴʢʽ ʪʝʩʪ-

ʢʝʡʩʠ, ʱʦ ʜʘʻ ʟʤʦʛʫ ʤʦʜʝʣʶʚʘʪʠ ʨʝʘʣʴʥʽ ʧʨʦʻʢʪʥʽ ʩʠʪʫʘʮʽʾ. 

2. ʄʝʥʝʜʞʝʨ ʙʘʛ-ʨʝʧʦʨʪʽʚ. ʇʦʚʥʘ CRUD-ʬʫʥʢʮʽʦʥʘʣʴʥʽʩʪʴ ʜʣʷ ʬʽʢʩʘʮʽʾ 

ʜʝʬʝʢʪʽʚ ʽʟ ʧʦʣʷʤʠ ʩʝʨʡʦʟʥʦʩʪʽ, ʧʨʽʦʨʠʪʝʪʫ, ʩʪʘʪʫʩʫ, ʢʨʦʢʽʚ ʚʽʜʪʚʦʨʝʥʥʷ, 

ʬʘʢʪʠʯʥʦʛʦ ʪʘ ʦʯʽʢʫʚʘʥʦʛʦ ʨʝʟʫʣʴʪʘʪʫ. ʇʝʨʝʜʙʘʯʝʥʦ ʧʨʠʚ'ʷʟʢʫ ʙʘʛ-ʨʝʧʦʨʪʽʚ ʜʦ 

ʚʽʜʧʦʚʽʜʥʠʭ ʪʝʩʪ-ʢʝʡʩʽʚ ʯʝʨʝʟ ʽʜʝʥʪʠʬʽʢʘʪʦʨ. 

3. UI Playground. ɯʥʪʝʨʘʢʪʠʚʥʘ ʩʪʦʨʽʥʢʘ ʟ ʥʘʚʤʠʩʥʦ ʚʙʫʜʦʚʘʥʠʤʠ 

ʜʝʬʝʢʪʘʤʠ ʽʥʪʝʨʬʝʡʩʫ: ʥʝʢʦʨʝʢʪʥʽ ʩʪʘʥʠ ʝʣʝʤʝʥʪʽʚ, ʟʘʪʨʠʤʢʠ ʧʦʷʚʠ 

ʢʦʤʧʦʥʝʥʪʽʚ, ʧʨʠʭʦʚʘʥʽ ʧʦʣʷ, ʩʦʨʪʦʚʘʥʽ ʪʘʙʣʠʮʽ, ʤʦʜʘʣʴʥʽ ʚʽʢʥʘ, ʚʙʫʜʦʚʘʥʽ 

iFrame, ʧʦʚʟʫʥʢʠ, ʟʘʚʘʥʪʘʞʫʚʘʯʽ ʬʘʡʣʽʚ. ʎʝʡ ʤʦʜʫʣʴ ʻ ʢʣʶʯʦʚʠʤ ʪʨʝʥʘʞʝʨʦʤ 

ʜʣʷ ʚʽʜʧʨʘʮʶʚʘʥʥʷ ʥʘʚʠʯʦʢ ʨʫʯʥʦʛʦ ʪʘ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʪʝʩʪʫʚʘʥʥʷ. 
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ʈʠʩ. 2. UI Playground ʟ ʧʨʠʢʣʘʜʘʤʠ ʝʣʝʤʝʥʪʽʚ 

4. E-commerce Sandbox. ʇʦʚʥʦʮʽʥʥʠʡ ʤʦʜʫʣʴ ʽʥʪʝʨʥʝʪ-ʤʘʛʘʟʠʥʫ: 

ʫʧʨʘʚʣʽʥʥʷ ʤʘʛʘʟʠʥʦʤ, ʢʘʪʝʛʦʨʽʷʤʠ, ʪʦʚʘʨʘʤʠ, ʢʦʰʠʢʦʤ, ʦʬʦʨʤʣʝʥʥʷ 

ʟʘʤʦʚʣʝʥʴ. ʄʽʩʪʠʪʴ ʩʮʝʥʘʨʽʾ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʙʽʟʥʝʩ-ʣʦʛʽʢʠ (ʜʦʩʪʘʪʥʽʩʪʴ ʪʦʚʘʨʫ 

ʥʘ ʩʢʣʘʜʽ, ʨʦʟʨʘʭʫʥʦʢ ʩʫʤʠ) ʽ ʘʚʪʦʨʠʟʦʚʘʥʦʛʦ ʜʦʩʪʫʧʫ. 

5. Task Tracker. ʂʘʥʙʘʥ-ʜʦʰʢʘ ʽʟ drag-and-drop ʧʝʨʝʤʽʱʝʥʥʷʤ ʟʘʜʘʯ ʤʽʞ 

ʩʪʦʚʧʮʷʤʠ. ɺʽʜʪʚʦʨʶʻ ʩʮʝʥʘʨʽʾ ʨʦʙʦʪʠ ʟ ʧʨʦʻʢʪʥʠʤ ʪʨʝʢʝʨʦʤ, ʜʦʟʚʦʣʷʻ 

ʪʝʩʪʫʚʘʣʴʥʠʢʘʤ ʧʝʨʝʚʽʨʷʪʠ ʽʥʪʝʨʘʢʪʠʚʥʽ UI-ʚʟʘʻʤʦʜʽʾ. 

6. AI Assistant. ɯʥʪʝʛʨʦʚʘʥʠʡ ʯʘʪ-ʘʩʠʩʪʝʥʪ ʥʘ ʙʘʟʽ Azure OpenAI ʟ RAG-

ʘʨʭʽʪʝʢʪʫʨʦʶ (Retrieval-Augmented Generation) ʯʝʨʝʟ Azure Cognitive Search. 

ɼʦʟʚʦʣʷʻ ʢʦʤʘʥʜʘʤ ʦʪʨʠʤʫʚʘʪʠ ʚʽʜʧʦʚʽʜʽ ʥʘ ʟʘʧʠʪʘʥʥʷ ʟ ʢʦʥʪʝʢʩʪʫ ʧʨʦʻʢʪʥʦʾ 

ʜʦʢʫʤʝʥʪʘʮʽʾ, ʱʦ ʤʦʜʝʣʶʻ ʩʫʯʘʩʥʠʡ AI-assisted workflow. 

BugHunter ʷʢ ʩʝʨʝʜʦʚʠʱʝ ʜʣʷ ʧʦʚʥʦʮʽʥʥʦʾ ʧʨʦʻʢʪʥʦʾ ʢʦʤʘʥʜʠ 

ʂʣʶʯʦʚʘ ʚʽʜʤʽʥʥʽʩʪʴ BugHunter ʚʽʜ ʪʨʘʜʠʮʽʡʥʠʭ ʪʨʝʥʘʞʝʨʽʚ ʧʦʣʷʛʘʻ ʚ 

ʪʦʤʫ, ʱʦ ʧʣʘʪʬʦʨʤʘ ʥʝ ʦʙʤʝʞʫʻʪʴʩʷ ʨʦʣʣʶ ʧʽʩʦʯʥʠʮʽ ʜʣʷ ʦʜʥʦʛʦ ʫʯʘʩʥʠʢʘ. 

ɺʦʥʘ ʚʽʜʪʚʦʨʶʻ ʧʦʚʥʠʡ ʮʠʢʣ ʨʦʙʦʪʠ ɯʊ-ʧʨʦʜʫʢʪʦʚʦʾ ʢʦʤʘʥʜʠ. ʄʝʥʝʜʞʝʨ 

ʧʨʦʜʫʢʪʫ ʤʦʞʝ ʬʦʨʤʫʣʶʚʘʪʠ ʚʠʤʦʛʠ ʫ ʚʠʛʣʷʜʽ ʪʝʩʪ-ʢʝʡʩʽʚ ʽ ʧʨʽʦʨʠʪʠʟʫʚʘʪʠ 

ʙʘʛ-ʨʝʧʦʨʪʠ. ʈʦʟʨʦʙʥʠʢ ʦʪʨʠʤʫʻ ʩʪʨʫʢʪʫʨʦʚʘʥʫ ʜʦʢʫʤʝʥʪʘʮʽʶ ʜʝʬʝʢʪʽʚ ʽ 

ʬʽʢʩʫʻ ʾʭ, ʨʦʟʛʦʨʪʘʶʯʠ ʦʥʦʚʣʝʥʫ ʚʝʨʩʽʶ. QA-ʽʥʞʝʥʝʨ ʧʝʨʝʚʽʨʷʻ ʚʠʧʨʘʚʣʝʥʥʷ, 

ʜʦʢʫʤʝʥʪʫʻ ʥʦʚʽ ʙʘʛʠ ʪʘ ʨʦʟʰʠʨʶʻ ʧʦʢʨʠʪʪʷ ʪʝʩʪ-ʢʝʡʩʘʤʠ. DevOps-ʬʘʭʽʚʝʮʴ 



101 

 

ʚʽʜʧʨʘʮʴʦʚʫʻ ʥʘʚʠʯʢʠ ʨʦʟʛʦʨʪʘʥʥʷ ʚ ʢʦʥʪʝʡʥʝʨʠʟʦʚʘʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ ʯʝʨʝʟ 

Docker Compose ʽ ʢʦʥʬʽʛʫʨʘʮʽʶ Nginx. 

ʉʠʩʪʝʤʘ ʨʦʣʝʡ (user / admin) ʽ ʤʝʭʘʥʽʟʤ ʧʝʨʝʤʠʢʘʥʥʷ ʤʽʞ ʥʠʤʠ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚ ʜʦʜʘʪʢʫ ʜʦʟʚʦʣʷʻ ʫʯʘʩʥʠʢʘʤ ʜʦʩʣʽʜʞʫʚʘʪʠ ʧʦʚʝʜʽʥʢʫ ʩʠʩʪʝʤʠ 

ʟ ʨʽʟʥʠʭ ʪʦʯʦʢ ʟʦʨʫ. ʎʝ ʥʘʜʘʻ ʦʩʚʽʪʥʽʡ ʧʨʦʮʝʩ ʚʠʤʽʨʥʠʡ ʧʨʘʢʪʠʯʥʠʡ ʚʠʤʽʨ: 

ʢʦʤʘʥʜʥʘ ʨʦʙʦʪʘ ʥʘʜ ʩʧʽʣʴʥʦʶ ʧʣʘʪʬʦʨʤʦʶ ʬʦʨʤʫʻ ʥʝ ʣʠʰʝ ʪʝʭʥʽʯʥʽ, ʘ ʡ 

ʢʦʤʫʥʽʢʘʪʠʚʥʽ ʪʘ ʦʨʛʘʥʽʟʘʮʽʡʥʽ ʢʦʤʧʝʪʝʥʮʽʾ. 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʪʘ ʥʘʫʢʦʚʘ ʥʦʚʠʟʥʘ 

ʅʘʷʚʥʽ ʨʽʰʝʥʥʷ ʜʣʷ ʧʨʘʢʪʠʢʠ ʪʝʩʪʫʚʘʥʥʷ ʥʘʜʘʶʪʴ ʦʙʤʝʞʝʥʠʡ ʥʘʙʽʨ 

ʩʮʝʥʘʨʽʾʚ ʽ ʥʝ ʤʦʜʝʣʶʶʪʴ ʨʝʘʣʴʥʠʭ ʨʦʙʦʯʠʭ ʧʨʦʮʝʩʽʚ ʢʦʤʘʥʜʠ. Swag Labs [3] 

ʻ ʩʪʘʪʠʯʥʠʤ ʤʘʛʘʟʠʥʦʤ ʙʝʟ ʜʦʢʫʤʝʥʪʘʮʽʾ ʷʢʦʩʪʽ. The Internet [4] ʧʨʦʧʦʥʫʻ 

ʽʟʦʣʴʦʚʘʥʽ UI-ʢʦʤʧʦʥʝʥʪʠ ʙʝʟ ʧʨʝʜʤʝʪʥʦʛʦ ʢʦʥʪʝʢʩʪʫ. BugHunter ʧʨʠʥʮʠʧʦʚʦ 

ʨʦʟʰʠʨʶʻ ʮʶ ʧʘʨʘʜʠʛʤʫ, ʧʦʻʜʥʫʶʯʠ ʚ ʦʜʥʽʡ ʭʤʘʨʥʽʡ ʧʣʘʪʬʦʨʤʽ 

ʙʘʛʘʪʦʜʦʤʝʥʥʽ ʟʘʩʪʦʩʫʥʢʠ, ʚʙʫʜʦʚʘʥʽ ʜʝʬʝʢʪʠ ʨʽʟʥʦʛʦ ʨʽʚʥʷ ʩʢʣʘʜʥʦʩʪʽ, 

ʧʦʚʥʦʮʽʥʥʫ ʜʦʢʫʤʝʥʪʘʮʽʶ ʷʢʦʩʪʽ ʪʘ ʽʥʪʝʛʨʘʮʽʶ ʩʫʯʘʩʥʠʭ AI-ʽʥʩʪʨʫʤʝʥʪʽʚ. 

ɯʥʪʝʛʨʘʮʽʷ RAG-ʘʩʠʩʪʝʥʪʘ ʥʘ ʙʘʟʽ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ ʻ ʦʩʦʙʣʠʚʦ 

ʘʢʪʫʘʣʴʥʦʶ ʚ ʢʦʥʪʝʢʩʪʽ ʩʪʨʽʤʢʦʛʦ ʧʦʰʠʨʝʥʥʷ AI-assisted testing. ʇʣʘʪʬʦʨʤʘ 

ʜʦʟʚʦʣʷʻ ʚʠʚʯʠʪʠ ʚʟʘʻʤʦʜʽʶ ʟ AI-ʽʥʩʪʨʫʤʝʥʪʘʤʠ ʚ ʫʤʦʚʘʭ, ʤʘʢʩʠʤʘʣʴʥʦ 

ʥʘʙʣʠʞʝʥʠʭ ʜʦ ʚʠʨʦʙʥʠʯʠʭ. 

ɺʠʩʥʦʚʢʠ 

ʈʦʟʨʦʙʣʝʥʘ ʧʣʘʪʬʦʨʤʘ BugHunter ʻ ʢʦʤʧʣʝʢʩʥʠʤ ʨʽʰʝʥʥʷʤ ʜʣʷ 

ʧʽʜʛʦʪʦʚʢʠ QA-ʩʧʝʮʽʘʣʽʩʪʽʚ ʽ ʤʦʜʝʣʶʚʘʥʥʷ ʢʦʤʘʥʜʥʦʾ ʨʦʙʦʪʠ ʚ ɯʊ. ʇʦʻʜʥʘʥʥʷ 

ʨʝʘʣʽʩʪʠʯʥʠʭ ʥʘʚʯʘʣʴʥʠʭ ʩʮʝʥʘʨʽʾʚ, ʢʦʥʪʝʡʥʝʨʠʟʦʚʘʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ, 

ʧʦʚʥʦʮʽʥʥʦʾ ʜʦʢʫʤʝʥʪʘʮʽʾ ʷʢʦʩʪʽ ʪʘ AI-ʘʩʠʩʪʝʥʪʘ ʨʦʙʠʪʴ ʾʾ ʘʢʪʫʘʣʴʥʠʤ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʷʢ ʜʣʷ ʫʥʽʚʝʨʩʠʪʝʪʩʴʢʦʾ ʦʩʚʽʪʠ, ʪʘʢ ʽ ʜʣʷ ʢʦʨʧʦʨʘʪʠʚʥʦʛʦ 

ʥʘʚʯʘʥʥʷ. ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ ʧʣʘʪʬʦʨʤʠ ʧʝʨʝʜʙʘʯʘʻ ʨʦʟʰʠʨʝʥʥʷ ʥʘʙʦʨʫ 

ʚʙʫʜʦʚʘʥʠʭ ʜʝʬʝʢʪʽʚ, ʜʦʜʘʚʘʥʥʷ ʤʦʜʫʣʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʪʝʩʪʫʚʘʥʥʷ ʥʘ ʙʘʟʽ 

Playwright ʪʘ ʽʥʪʝʛʨʘʮʽʶ ʟ CI/CD-ʧʘʡʧʣʘʡʥʘʤʠ. 

ʉʧʠʩʦʢ ʚʠʢʦʨʠʩʪʘʥʠʭ ʜʞʝʨʝʣ 

1. Stack Overflow. Developer Survey 2024 [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. ï ʈʝʞʠʤ 

ʜʦʩʪʫʧʫ: https://survey.stackoverflow.co/2024/ 

2. Garousi V. A systematic literature review of literature reviews in software testing 

/ V. Garousi, M. Mªntylª // Information and Software Technology. ï 2016. ï Vol. 

80. ï P. 195ï216. 
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3. Microsoft Azure. App Service and Azure Database for PostgreSQL 

Documentation [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: 

https://learn.microsoft.com/en-us/azure/app-service/ 

4. Sauce Labs. Swag Labs ð Demo Application for Testing [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. 

ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: https://www.saucedemo.com/ 

5. Haeffner D. The Internet ð Herokuapp for Selenium Practice [ɽʣʝʢʪʨʦʥʥʠʡ 

ʨʝʩʫʨʩ]. ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: https://the-internet.herokuapp.com/  

 

ʈʆɿʈʆɹʂɸ ɿɸʍʀʑɽʅʆɰ ʇʃɸʊʌʆʈʄʀ ɼʃʗ ʉʆʎɯɸʃʔʅʀʍ 

ʆʇʀʊʋɺɸʅʔ: ɯʅʊɽɻʈɸʎɯʗ ʊɽʍʅʆʃʆɻɯʁ ʐʀʌʈʋɺɸʅʅʗ ʊɸ 

ʂʆʅʊʈʆʃʖ ɼʆʉʊʋʇʋ ɼʃʗ ɿɸɹɽɿʇɽʏɽʅʅʗ 

ʂʆʅʌɯɼɽʅʎɯʁʅʆʉʊɯ ɼɸʅʀʍ 

ʅʘʯʠʥʢʘ ɸʥʘʩʪʘʩʽʷ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ, ʤ. ʃʴʚʽʚ, 

ʬʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

anastasiia.nachynka@lnu.edu.ua 

ɹʘʛʘʪʦʨʽʚʥʝʚʠʡ ʟʘʭʠʩʪ ʜʘʥʠʭ ʫ ʚʝʙʧʣʘʪʬʦʨʤʽ OwlView 

ʇʦʩʪʘʥʦʚʢʘ ʧʨʦʙʣʝʤʠ. ʇʣʘʪʬʦʨʤʠ ʦʥʣʘʡʥ-ʦʧʠʪʫʚʘʥʴ ʦʙʨʦʙʣʷʶʪʴ 

ʯʫʪʣʠʚʽ ʧʝʨʩʦʥʘʣʴʥʽ ʜʘʥʽ ð ʚʽʜ ʜʝʤʦʛʨʘʬʽʯʥʠʭ ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʜʦ ʩʦʮʽʘʣʴʥʦ-

ʧʦʣʽʪʠʯʥʠʭ ʧʦʛʣʷʜʽʚ. ɿʘ Verizon DBIR 2024 [1], ʧʦʥʘʜ 43% ʽʥʮʠʜʝʥʪʽʚ 

ʧʦʚôʷʟʘʥʽ ʟ ʚʝʙʟʘʩʪʦʩʫʥʢʘʤʠ. ɹʽʣʴʰʽʩʪʴ ʧʦʰʠʨʝʥʠʭ ʩʝʨʚʽʩʽʚ ʥʝ ʧʽʜʪʨʠʤʫʶʪʴ 

ʰʠʬʨʫʚʘʥʥʷ ʧʦʣʽʚ ʽ ʽʻʨʘʨʭʽʯʥʝ ʢʝʨʫʚʘʥʥʷ ʢʣʶʯʘʤʠ. ɿʘ ʚʠʤʦʛʘʤʠ GDPR [3] ʪʘ 

ʫʢʨʘʾʥʩʴʢʦʛʦ ʟʘʢʦʥʦʜʘʚʩʪʚʘ [2, 4] ʮʝ ʧʦʪʨʝʙʫʻ ʚʙʫʜʦʚʘʥʦʛʦ ʟʘʭʠʩʪʫ ʟʘ 

ʧʨʠʥʮʠʧʦʤ Privacy by Design. 

ʄʝʪʘ ʽ ʟʘʚʜʘʥʥʷ. ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʝʘʣʽʟʘʮʽʷ ʚʝʙʧʣʘʪʬʦʨʤʠ OwlView, ʫ 

ʷʢʽʡ ʢʦʥʬʽʜʝʥʮʽʡʥʽʩʪʴ, ʮʽʣʽʩʥʽʩʪʴ ʽ ʘʥʦʥʽʤʥʽʩʪʴ ʚʽʜʧʦʚʽʜʝʡ ʟʘʙʝʟʧʝʯʫʶʪʴʩʷ ʥʘ 

ʚʩʽʭ ʘʨʭʽʪʝʢʪʫʨʥʠʭ ʨʽʚʥʷʭ. ɼʣʷ ʮʴʦʛʦ ʧʦʙʫʜʦʚʘʥʦ ʽʻʨʘʨʭʽʯʥʠʡ KMS, 

ʚʧʨʦʚʘʜʞʝʥʦ RBAC ʽ MFA, ʟʘʙʝʟʧʝʯʝʥʦ ʙʣʦʢʯʝʡʥ-ʚʝʨʠʬʽʢʘʮʽʶ ʚʽʜʧʦʚʽʜʝʡ ʪʘ 

ʨʦʟʛʦʨʥʫʪʦ ʤʝʭʘʥʽʟʤʠ ʚʠʷʚʣʝʥʥʷ ʚʪʦʨʛʥʝʥʴ. 

ɸʨʭʽʪʝʢʪʫʨʥʠʡ ʧʽʜʭʽʜ. OwlView ʨʝʘʣʽʟʦʚʘʥʦ ʷʢ ʤʽʢʨʦʩʝʨʚʽʩʥʫ 

ʧʣʘʪʬʦʨʤʫ ʥʘ ʙʘʟʽ Flask, React, PostgreSQL, Redis, NGINX, ELK, 

Prometheus/Grafana ʪʘ HashiCorp Vault. ɿʘʭʠʩʪ ʧʦʙʫʜʦʚʘʥʦ ʟʘ ʤʦʜʝʣʣʶ Defence 

in Depth ʽʟ ʧôʷʪʠ ʰʘʨʽʚ: ʤʝʨʝʞʝʚʦʛʦ, ʧʨʠʢʣʘʜʥʦʛʦ, ʙʽʟʥʝʩ-ʣʦʛʽʢʠ, ʜʘʥʠʭ ʪʘ 

ʘʫʜʠʪʫ [5]. ʉʪʨʫʢʪʫʨʫ ʰʘʨʽʚ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 1. 
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ʈʠʩ. 1. ʇ'ʷʪʠʰʘʨʦʚʘ ʤʦʜʝʣʴ ʝʰʝʣʦʥʦʚʘʥʦʛʦ ʟʘʭʠʩʪʫ ʧʣʘʪʬʦʨʤʠ OwlView 

ʊʨʠʨʽʚʥʝʚʘ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʽʥʥʷ ʢʣʶʯʘʤʠ (KMS). ʂʨʠʧʪʦʛʨʘʬʽʯʥʝ 

ʷʜʨʦ ʧʦʙʫʜʦʚʘʥʦ ʚʽʜʧʦʚʽʜʥʦ ʜʦ NIST SP 800-57 [6] ʷʢ ʽʻʨʘʨʭʽʶ Master Key Ÿ 

KEK Ÿ DEK. ʄʘʡʩʪʝʨ-ʢʣʶʯ ʩʠʩʪʝʤʥʦʛʦ ʨʽʚʥʷ ʜʝʨʠʚʫʻʪʴʩʷ ʟ ʢʦʥʬʽʛʫʨʘʮʽʡʥʦʛʦ 

ʩʝʢʨʝʪʫ ʘʣʛʦʨʠʪʤʦʤ PBKDF2-HMAC-SHA256 ʟʽ 100 000 ʽʪʝʨʘʮʽʡ: 

ὓὑ ὖὄὑὈὊς ὛὌὃςυφὉὔὅὙὣὖὝὍὕὔὉὣȟίὥὰὸȟρπππππȟσς̂́̊̓̉ (1) 

ɼʣʷ ʢʦʞʥʦʾ ʦʨʛʘʥʽʟʘʮʽʾ ʛʝʥʝʨʫʻʪʴʩʷ ʧʘʨʘ RSA-2048; ʧʨʠʚʘʪʥʠʡ ʢʣʶʯ 

ʰʠʬʨʫʻʪʴʩʷ ʤʘʡʩʪʝʨ-ʢʣʶʯʝʤ ʫ ʨʝʞʠʤʽ AES-256-GCM: 

ὉὑὉὑὶὭὺὃὉὛςυφὋὅὓὑὉὑὶὭὺȟὓὑȟὲέὲὧὩ (2) 

ɼʣʷ ʢʦʞʥʦʛʦ ʦʧʠʪʫʚʘʥʥʷ ʩʪʚʦʨʶʻʪʴʩʷ ʩʠʤʝʪʨʠʯʥʠʡ ʢʣʶʯ DEK (256 ʙʽʪ), 

ʟʘʰʠʬʨʦʚʘʥʠʡ ʧʫʙʣʽʯʥʠʤ ʢʣʶʯʝʤ ʦʨʛʘʥʽʟʘʮʽʾ ʟʘ ʩʭʝʤʦʶ RSA-OAEP: 

ὉὈὉὑ ὙὛὃὕὃὉὖ) (3) 

ɺʽʜʧʦʚʽʜʴ ʨʝʩʧʦʥʜʝʥʪʘ ʰʠʬʨʫʻʪʴʩʷ ʛʽʙʨʠʜʥʦʶ ʩʭʝʤʦʶ ʟ 96-ʙʽʪʥʠʤ 

nonce ʪʘ 128-ʙʽʪʥʠʤ authentication tag: 

ὅȟὝὥὫ ὃὉὛςυφὋὅὓὙȟὈὉὑȟὲέὲὧὩ (4) 

ʊʘʢʘ ʧʦʙʫʜʦʚʘ ʟʘʙʝʟʧʝʯʫʻ ʣʦʢʘʣʴʥʫ ʨʦʪʘʮʽʶ ʢʣʶʯʽʚ ʽ ʤʝʭʘʥʽʟʤ crypto-

shredding: ʚʠʜʘʣʝʥʥʷ DEK ʨʦʙʠʪʴ ʜʘʥʽ ʤʘʪʝʤʘʪʠʯʥʦ ʥʝʜʦʩʪʫʧʥʠʤʠ, ʱʦ 

ʚʽʜʧʦʚʽʜʘʻ ʩʪ. 17 GDPR [3]. ʇʘʨʘʤʝʪʨʠ KMS ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 1, ʘ ʽʻʨʘʨʭʽʶ 

ʢʣʶʯʽʚ ð ʥʘ ʨʠʩ. 2. 

ʊʘʙʣ. 1. ʇʘʨʘʤʝʪʨʠ ʪʨʠʨʽʚʥʝʚʦʾ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʢʣʶʯʘʤʠ 

ʈʽʚʝʥ

 ɹ
ʂʣʶʯ ɸʣʛʦʨʠʪʤ ʈʦʟʤʽʨ ʆʙʣʘʩʪʴ ʜʽʾ 

1 Master Key (MK) PBKDF2-HMAC-SHA256 
256 

ʙʽʪ 
ʉʠʩʪʝʤʘ 

2 
KEK  

(ʥʘ ʦʨʛʘʥʽʟʘʮʽʶ) 
RSA-2048-OAEP 

2048 

ʙʽʪ 
ʆʨʛʘʥʽʟʘʮʽʷ 

3 
DEK  

(ʥʘ ʦʧʠʪʫʚʘʥʥʷ) 
AES-256-GCM 

256 

ʙʽʪ 
ʆʧʠʪʫʚʘʥʥʷ 
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ʈʠʩ. 2. ʊʨʠʨʽʚʥʝʚʘ ʽʻʨʘʨʭʽʷ ʫʧʨʘʚʣʽʥʥʷ ʢʣʶʯʘʤʠ ʫ ʧʣʘʪʬʦʨʤʽ OwlView 

ʂʦʥʪʨʦʣʴ ʜʦʩʪʫʧʫ ʪʘ ʘʚʪʝʥʪʠʬʽʢʘʮʽʷ. ʈʦʣʴʦʚʘ ʤʦʜʝʣʴ ʙʘʟʫʻʪʴʩʷ ʥʘ 

NIST RBAC [7] ʽ ʚʢʣʶʯʘʻ ʚʽʩʽʤ ʨʽʚʥʽʚ ʧʨʠʚʽʣʝʾʚ ʽʟ ʫʩʧʘʜʢʫʚʘʥʥʷʤ: Guest Ÿ 

User Ÿ Client Ÿ OrgClient Ÿ Organization Ÿ Moderator Ÿ Admin Ÿ 

Superadmin. ɼʦʧʫʩʢ ʜʦ ʨʝʩʫʨʩʫ ʚʠʟʥʘʯʘʻʪʴʩʷ ʧʦʻʜʥʘʥʥʷʤ ʨʽʚʥʷ ʨʦʣʽ ʪʘ ABAC-

ʧʨʝʜʠʢʘʪʽʚ; ʽʻʨʘʨʭʽʶ ʨʦʣʝʡ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 3. 

ὥὧὧὩίίόȟὶ ὰὩὺὩὰό ὰὩὺὩὰὩήὶ ὃ᷈ὄὃὅόȟὶ (5) 

 
ʈʠʩ. 3. ɯʻʨʘʨʭʽʷ ʨʦʣʝʡ RBAC ʫ ʧʣʘʪʬʦʨʤʽ OwlView 

ɸʚʪʝʥʪʠʬʽʢʘʮʽʶ ʧʦʙʫʜʦʚʘʥʦ ʟʘ ʤʦʜʝʣʣʶ Zero Trust: JWT-access ʜʽʻ 15 

ʭʚʠʣʠʥ, refresh-ʪʦʢʝʥ ð 7 ʜʽʙ ʫ httpOnly-cookie [8]. MFA ʚʢʣʶʯʘʻ bcrypt-ʭʝʰ 

ʧʘʨʦʣʷ, TOTP [9] ʽ WebAuthn/FIDO2 [10]; ʧʦʪʽʢ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʥʘʚʝʜʝʥʦ ʥʘ 

ʨʠʩ. 4. 

ὝὕὝὖὌὓὃὅὛὌὃρὑȟỗὝȾσπỘάέὨρπ (6) 

ɿʘʭʠʩʪ ʚʽʜ ʧʽʜʙʦʨʫ ʨʝʘʣʽʟʦʚʘʥʦ ʯʝʨʝʟ rate limiting ʫ Redis (5 ʩʧʨʦʙ/15 ʭʚ.) 

ʪʘ ʨʝʟʝʨʚʥʽ ʦʜʥʦʨʘʟʦʚʽ ʢʦʜʠ, ʱʦ ʟʙʝʨʽʛʘʶʪʴʩʷ ʫ ʭʝʰʦʚʘʥʦʤʫ ʚʠʛʣʷʜʽ. 
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ʈʠʩ. 4. ʇʦʪʽʢ ʙʘʛʘʪʦʬʘʢʪʦʨʥʦʾ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʫ ʧʣʘʪʬʦʨʤʽ OwlView 

ʎʽʣʽʩʥʽʩʪʴ ʪʘ ʘʥʦʥʽʤʥʽʩʪʴ ʚʽʜʧʦʚʽʜʝʡ. ɼʣʷ ʧʝʨʝʚʽʨʝʥʦʾ ʥʝʟʤʽʥʥʦʩʪʽ 

ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʘʥʦ ʧʨʠʚʘʪʥʠʡ ʙʣʦʢʯʝʡʥ ʽʟ ʜʝʨʝʚʘʤʠ ʄʝʨʢʣʘ [11]. ʉʪʨʫʢʪʫʨʫ 

ʙʣʦʢʘ ʧʦʜʘʥʦ ʬʦʨʤʫʣʦʶ (7): 

ὄὰέὧὯἂὭὲὨὩὼȟὸὭάὩίὸὥάὴȟὴὶὩὺὥίὬȟάὩὶὯὰὩέέὸȟὲέὲὧὩȟὸὼί (7) 

ɼʝʨʝʚʦ ʄʝʨʢʣʘ ʜʘʻ ʟʤʦʛʫ ʚʝʨʠʬʽʢʫʚʘʪʠ ʦʢʨʝʤʫ ʪʨʘʥʟʘʢʮʽʶ ʟʘ O(log n) 

ʯʝʨʝʟ ʢʚʠʪʘʥʮʽʶ ʛʦʣʦʩʫʚʘʥʥʷ: 

ὶὩὧὩὭὴὸὸὼὥίὬȟάὩὶὯὰὩὶέέὪȟὦὰέὧὯὥίὬ (8) 

ɸʥʦʥʽʤʥʽʩʪʴ ʟʘʙʝʟʧʝʯʫʻʪʴʩʷ ʧʨʦʪʦʢʦʣʦʤ ʩʣʽʧʠʭ ʧʽʜʧʠʩʽʚ ʏʘʫʤʘ [12]: 

ʨʝʩʧʦʥʜʝʥʪ ʦʪʨʠʤʫʻ ʧʽʜʧʠʩ ʙʝʟ ʨʦʟʢʨʠʪʪʷ ʟʤʽʩʪʫ ʧʦʚʽʜʦʤʣʝʥʥʷ ʩʝʨʚʝʨʫ; 

ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʢʨʦʢʽʚ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 5. 

άͯ ά ὶάέὨὲȟ„ͯ άǿάέὨὲȟ„ „ͯ ὶ άέὨὲ (9) 
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ʈʠʩ. 5. ʇʨʦʪʦʢʦʣ ʩʣʽʧʦʛʦ ʧʽʜʧʠʩʫ ʏʘʫʤʘ ʜʣʷ ʘʥʦʥʽʤʥʦʛʦ ʛʦʣʦʩʫʚʘʥʥʷ 

ɺʠʷʚʣʝʥʥʷ ʚʪʦʨʛʥʝʥʴ. Honeypot-ʧʽʜʩʠʩʪʝʤʘ ʦʭʦʧʣʶʻ ʬʽʢʪʠʚʥʽ ʘʜʤʽʥ-

ʤʘʨʰʨʫʪʠ, honeypot-ʘʢʘʫʥʪʠ, ʬʘʡʣʠ ʪʘ ʪʘʙʣʠʮʶ-ʧʨʠʤʘʥʢʫ. IDS ʚʠʷʚʣʷʻ brute-

force, ʩʠʛʥʘʪʫʨʠ SQL-ʽʥôʻʢʮʽʡ ʽ ʩʢʘʥʫʚʘʥʥʷ ʘʢʘʫʥʪʽʚ. Fraud Detection Engine 

[13] ʦʙʯʠʩʣʶʻ ʟʚʘʞʝʥʠʡ ʨʠʟʠʢ; ʣʘʥʮʶʛ ʨʝʘʛʫʚʘʥʥʷ ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩ. 6. 

ὪὶὥόὨὧέὶὩ  ύ ί (10) 

ʉʠʛʥʘʣʴʥʠʡ ʥʘʙʽʨ ʚʢʣʶʯʘʻ velocity, fingerprint reuse, IP reputation, UA 

entropy, complaints, geo anomaly ʪʘ session anomaly. 

 
ʈʠʩ. 6. Pipeline ʚʠʷʚʣʝʥʥʷ ʚʪʦʨʛʥʝʥʴ ʽ ʨʝʘʛʫʚʘʥʥʷ ʥʘ ʘʥʦʤʘʣʽʾ ʚ OwlView 

ʊʝʩʪʫʚʘʥʥʷ ʪʘ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʩʪʘʥʜʘʨʪʘʤ. ʇʣʘʪʬʦʨʤʘ ʧʦʢʨʠʪʘ 312 

ʤʦʜʫʣʴʥʠʤʠ ʪʝʩʪʘʤʠ ʽʟ 100% ʧʨʦʭʦʜʞʝʥʥʷʤ. ɸʥʘʣʽʟ ʚʽʜʧʦʚʽʜʥʦʩʪʽ OWASP 

Top 10 [14] ʧʽʜʪʚʝʨʜʠʚ ʥʘʷʚʥʽʩʪʴ ʢʦʥʪʨʟʘʭʦʜʽʚ ʫ ʢʘʪʝʛʦʨʽʷʭ A01ïA10: ʢʦʥʪʨʦʣʴ 

ʜʦʩʪʫʧʫ, ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʡ ʟʘʭʠʩʪ, ʧʨʦʪʠʜʽʷ ʽʥôʻʢʮʽʷʤ, ʙʝʟʧʝʯʥʘ ʢʦʥʬʽʛʫʨʘʮʽʷ, 

ʘʫʜʠʪ ʽ ʤʦʥʽʪʦʨʠʥʛ. 

ɺʠʩʥʦʚʢʠ. ʈʝʘʣʽʟʦʚʘʥʦ ʧʣʘʪʬʦʨʤʫ OwlView, ʱʦ ʧʦʻʜʥʫʻ ʪʨʠʨʽʚʥʝʚʠʡ 

KMS, ʚʦʩʴʤʠʨʽʚʥʝʚʫ RBAC ʽʟ MFA, ʧʨʠʚʘʪʥʠʡ ʙʣʦʢʯʝʡʥ ʽʟ ʜʝʨʝʚʘʤʠ ʄʝʨʢʣʘ 
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ʪʘ ʩʣʽʧʠʤʠ ʧʽʜʧʠʩʘʤʠ, ʘ ʪʘʢʦʞ ʟʘʩʦʙʠ ʚʠʷʚʣʝʥʥʷ ʚʪʦʨʛʥʝʥʴ. ʎʝ ʟʘʙʝʟʧʝʯʫʻ 

ʢʦʥʬʽʜʝʥʮʽʡʥʽʩʪʴ, ʮʽʣʽʩʥʽʩʪʴ ʽ ʘʥʦʥʽʤʥʽʩʪʴ ʚʽʜʧʦʚʽʜʝʡ. ʇʦʜʘʣʴʰʠʡ ʨʦʟʚʠʪʦʢ 

ʧʦʚôʷʟʘʥʦ ʟ ʛʦʤʦʤʦʨʬʥʠʤ ʰʠʬʨʫʚʘʥʥʷʤ ʽ ʬʦʨʤʘʣʴʥʦʶ ʚʝʨʠʬʽʢʘʮʽʻʶ 

ʢʨʠʧʪʦʧʨʦʪʦʢʦʣʽʚ. 
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ɺʩʪʫʧ  

ɺ ʫʤʦʚʘʭ ʩʪʨʽʤʢʦʛʦ ʟʨʦʩʪʘʥʥʷ ʦʙʩʷʛʽʚ ʮʠʬʨʦʚʠʭ ʜʘʥʠʭ ʪʘ ʧʦʩʪʽʡʥʦʛʦ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʤʝʪʦʜʽʚ ʢʽʙʝʨʘʪʘʢ ʪʨʘʜʠʮʽʡʥʽ ʤʦʜʝʣʽ ʟʙʝʨʽʛʘʥʥʷ ʽʥʬʦʨʤʘʮʽʾ 

ʩʪʘʶʪʴ ʜʝʜʘʣʽ ʚʨʘʟʣʠʚʽʰʠʤʠ. ʊʨʘʜʠʮʽʡʥʽ ʮʝʥʪʨʘʣʽʟʦʚʘʥʽ ʭʤʘʨʥʽ ʩʝʨʚʽʩʠ 

(Google Drive, Dropbox) ʤʘʶʪʴ ʢʨʠʪʠʯʥʫ ʚʨʘʟʣʠʚʽʩʪʴ: ʧʦʚʥʠʡ ʢʦʥʪʨʦʣʴ ʥʘʜ 

ʢʣʶʯʘʤʠ ʰʠʬʨʫʚʘʥʥʷ ʥʘ ʩʪʦʨʦʥʽ ʧʨʦʚʘʡʜʝʨʘ ʜʦʟʚʦʣʷʻ ʦʪʨʠʤʘʪʠ ʜʦʩʪʫʧ ʜʦ 

ʜʘʥʠʭ ʢʦʨʠʩʪʫʚʘʯʘ ʚʥʘʩʣʽʜʦʢ ʚʥʫʪʨʽʰʥʽʭ ʟʘʛʨʦʟ ʘʙʦ ʢʦʤʧʨʦʤʝʪʘʮʽʾ 

ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ. ʍʦʯʘ ʽʩʥʫʶʪʴ ʨʽʰʝʥʥʷ ʟ ʥʘʩʢʨʽʟʥʠʤ ʰʠʬʨʫʚʘʥʥʷʤ (Tresorit, 

Sync.com), ʚʦʥʠ ʟʘʟʚʠʯʘʡ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʮʝʥʪʨʘʣʽʟʦʚʘʥʽ ʞʫʨʥʘʣʠ ʘʫʜʠʪʫ, ʷʢʽ 

ʥʝ ʤʦʞʫʪʴ ʛʘʨʘʥʪʫʚʘʪʠ ʥʝʟʤʽʥʥʽʩʪʴ ʟʘʧʠʩʽʚ.  

ʇʦʻʜʥʘʥʥʷ ʢʣʽʻʥʪʩʴʢʦʛʦ ʰʠʬʨʫʚʘʥʥʷ ʟ ʙʣʦʢʯʝʡʥ-ʘʫʜʠʪʦʤ ʚʽʜʢʨʠʚʘʻ 

ʤʦʞʣʠʚʽʩʪʴ ʧʦʙʫʜʦʚʠ ʩʠʩʪʝʤʠ, ʜʝ ʢʦʥʬʽʜʝʥʮʽʡʥʽʩʪʴ ʽ ʧʨʦʟʦʨʽʩʪʴ ʦʧʝʨʘʮʽʡ 

ʟʘʙʝʟʧʝʯʫʶʪʴʩʷ ʥʝ ʜʦʚʽʨʦʶ ʜʦ ʧʨʦʚʘʡʜʝʨʘ, ʘ ʤʘʪʝʤʘʪʠʯʥʦ ʜʦʚʝʜʝʥʠʤʠ 

ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʤʠ ʛʘʨʘʥʪʽʷʤʠ. ʉʘʤʝ ʚʽʜʩʫʪʥʽʩʪʴ ʧʨʘʢʪʠʯʥʠʭ ʨʽʰʝʥʴ, ʷʢʽ ʙ 

ʧʦʻʜʥʫʚʘʣʠ ʮʽ ʜʚʘ ʧʽʜʭʦʜʠ, ʦʙʫʤʦʚʣʶʻ ʘʢʪʫʘʣʴʥʽʩʪʴ ʜʘʥʦʾ ʨʦʙʦʪʠ ʪʘ ʚʠʟʥʘʯʘʻ 

ʾʾ ʤʝʪʫ ð ʨʝʘʣʽʟʘʮʽʶ ʟʘʭʠʱʝʥʦʛʦ ʬʘʡʣʦʚʦʛʦ ʩʭʦʚʠʱʘ ʟ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʤ 

ʢʦʥʪʨʦʣʝʤ ʜʦʩʪʫʧʫ ʪʘ ʜʝʮʝʥʪʨʘʣʽʟʦʚʘʥʠʤ ʘʫʜʠʪʦʤ ʪʨʘʥʟʘʢʮʽʡ.  

ʂʨʠʧʪʦʛʨʘʬʽʯʥʘ ʘʨʭʽʪʝʢʪʫʨʘ  

ʂʨʠʧʪʦʛʨʘʬʽʯʥʘ ʩʢʣʘʜʦʚʘ ʻ ʮʝʥʪʨʘʣʴʥʠʤ ʝʣʝʤʝʥʪʦʤ ʩʠʩʪʝʤʠ ʽ 

ʨʝʘʣʽʟʦʚʘʥʘ ʧʦʚʥʽʩʪʶ ʥʘ ʩʪʦʨʦʥʽ ʢʣʽʻʥʪʘ ʯʝʨʝʟ Web Crypto API [1]. ɺʩʷ ʩʭʝʤʘ 

ʧʦʙʫʜʦʚʘʥʘ ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦ ʩʝʨʚʝʨ ʫ ʞʦʜʥʽʡ ʪʦʯʮʽ ʥʝ ʤʘʻ ʜʦʩʪʫʧʫ ʜʦ 

ʥʝʟʘʰʠʬʨʦʚʘʥʠʭ ʜʘʥʠʭ.  

ʇʽʜ ʯʘʩ ʨʝʻʩʪʨʘʮʽʾ ʥʘ ʩʪʦʨʦʥʽ ʙʨʘʫʟʝʨʘ ʛʝʥʝʨʫʻʪʴʩʷ seed-ʬʨʘʟʘ, 

ʦʪʨʠʤʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʢʨʠʧʪʦʛʨʘʬʽʯʥʦ ʩʪʽʡʢʦʛʦ ʛʝʥʝʨʘʪʦʨʘ ʚʠʧʘʜʢʦʚʠʭ 

ʯʠʩʝʣ. Seed-ʬʨʘʟʘ ʻ ʻʜʠʥʠʤ ʩʝʢʨʝʪʦʤ ʢʦʨʠʩʪʫʚʘʯʘ ʽ ʥʽʢʦʣʠ ʥʝ ʧʝʨʝʜʘʻʪʴʩʷ ʥʘ 

ʩʝʨʚʝʨ. Seed-ʬʨʘʟʘ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʥʝ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʢʣʶʯ ð ʥʘʪʦʤʽʩʪʴ 

ʯʝʨʝʟ ʬʫʥʢʮʽʶ PBKDF2 (Password-Based Key Derivation Function 2) ʚʦʥʘ  

ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʥʘ ʩʪʽʡʢʠʡ ʩʠʤʝʪʨʠʯʥʠʡ ʢʣʶʯ:  

DK = PBKDF2(PRF, seed, salt128, c = 100000, dkLen = 256) (1) ʜʝ salt128 
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ð 16 ʚʠʧʘʜʢʦʚʠʭ ʙʘʡʪ, ʱʦ ʟʘʧʦʙʽʛʘʶʪʴ ʘʪʘʢʘʤ ʥʘ ʦʩʥʦʚʽ ʧʦʧʝʨʝʜʥʴʦ 

ʦʙʯʠʩʣʝʥʠʭ ʪʘʙʣʠʮʴ; c = 100000 ð ʢʽʣʴʢʽʩʪʴ ʽʪʝʨʘʮʽʡ ʭʝʰʫʚʘʥʥʷ, ʷʢʘ ʰʪʫʯʥʦ 

ʟʙʽʣʴʰʫʻ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʚʘʨʪʽʩʪʴ ʦʜʥʦʛʦ ʧʝʨʝʙʦʨʫ ʧʘʨʦʣʷ; dkLen = 256 ð 

ʜʦʚʞʠʥʘ ʦʪʨʠʤʘʥʦʛʦ ʢʣʶʯʘ ʚ ʙʽʪʘʭ. ɺʥʫʪʨʽʰʥʴʦʶ ʧʩʝʚʜʦʚʠʧʘʜʢʦʚʦʶ 

ʬʫʥʢʮʽʻʶ PRF ʚʠʩʪʫʧʘʻ HMAC-SHA-256 ð ʢʦʥʩʪʨʫʢʮʽʷ, ʱʦ ʧʦʻʜʥʫʻ ʭʝʰ-

ʬʫʥʢʮʽʶ SHA 256 ʟ ʤʝʭʘʥʽʟʤʦʤ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʧʦʚʽʜʦʤʣʝʥʴ [2].  

ʇʘʨʘʣʝʣʴʥʦ ʛʝʥʝʨʫʻʪʴʩʷ ʘʩʠʤʝʪʨʠʯʥʘ ʧʘʨʘ ʢʣʶʯʽʚ ʟʘ ʩʪʘʥʜʘʨʪʦʤ RSA 

OAEP ʟ ʤʦʜʫʣʝʤ n = 2048 ʙʽʪ ʪʘ ʚʽʜʢʨʠʪʦʶ ʝʢʩʧʦʥʝʥʪʦʶ e = 65537. ɺʠʙʽʨ e = 

65537 = 216 + 1 ̒  ʩʪʘʥʜʘʨʪʥʦʶ ʧʨʘʢʪʠʢʦʶ: ʮʝ ʧʨʦʩʪʝ ʯʠʩʣʦ, ʷʢʝ ʤʘʻ ʣʠʰʝ ʜʚʘ 

ʥʝʥʫʣʴʦʚʠʭ ʙʽʪʠ ʫ ʜʚʽʡʢʦʚʦʤʫ ʧʨʝʜʩʪʘʚʣʝʥʥʽ, ʱʦ ʤʽʥʽʤʽʟʫʻ ʢʽʣʴʢʽʩʪʴ ʦʧʝʨʘʮʽʡ 

ʤʥʦʞʝʥʥʷ ʧʨʠ ʰʠʬʨʫʚʘʥʥʽ [3]. ʉʪʽʡʢʽʩʪʴ ʩʭʝʤʠ ʙʘʟʫʻʪʴʩʷ ʥʘ ʦʙʯʠʩʣʶʚʘʣʴʥʽʡ 

ʩʢʣʘʜʥʦʩʪʽ ʟʘʜʘʯʽ ʬʘʢʪʦʨʠʟʘʮʽʾ ʚʝʣʠʢʠʭ ʮʽʣʠʭ ʯʠʩʝʣ.  

ʇʨʠʚʘʪʥʠʡ ʢʣʶʯ Kpriv ʥʝ ʟʙʝʨʽʛʘʻʪʴʩʷ ʫ ʚʽʜʢʨʠʪʦʤʫ ʚʠʛʣʷʜʽ ð ʚʽʥ 

ʰʠʬʨʫʻʪʴʩʷ ʦʪʨʠʤʘʥʠʤ ʨʘʥʽʰʝ ʢʣʶʯʝʤ DK ʟʘ ʜʦʧʦʤʦʛʦʶ AES-256-GCM. 

AES-GCM (Galois/Counter Mode) ʥʘʣʝʞʠʪʴ ʜʦ ʢʣʘʩʫ ʘʚʪʝʥʪʠʬʽʢʦʚʘʥʦʛʦ 

ʰʠʬʨʫʚʘʥʥʷ ʟ ʘʩʦʮʽʡʦʚʘʥʠʤʠ ʜʘʥʠʤʠ. ʁʦʛʦ ʧʨʠʥʮʠʧʦʚʘ ʧʝʨʝʚʘʛʘ ʥʘʜ ʽʥʰʠʤʠ 

ʨʝʞʠʤʘʤʠ ʨʦʙʦʪʠ AES ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʙʫʜʴ-ʷʢʘ ʩʧʨʦʙʘ ʤʦʜʠʬʽʢʫʚʘʪʠ 

ʟʘʰʠʬʨʦʚʘʥʠʡ ʧʨʠʚʘʪʥʠʡ ʢʣʶʯ ʙʫʜʝ ʚʠʷʚʣʝʥʘ ʧʨʠ ʜʝʰʠʬʨʫʚʘʥʥʽ [4].  

ʇʨʠ ʟʘʚʘʥʪʘʞʝʥʥʽ ʬʘʡʣʫ ʩʠʩʪʝʤʘ ʚʠʢʦʨʠʩʪʦʚʫʻ ʛʽʙʨʠʜʥʫ ʩʭʝʤʫ, ʱʦ 

ʧʦʻʜʥʫʻ ʰʚʠʜʢʽʩʪʴ ʩʠʤʝʪʨʠʯʥʦʛʦ ʰʠʬʨʫʚʘʥʥʷ ʟ ʙʝʟʧʝʢʦʶ ʘʩʠʤʝʪʨʠʯʥʦʛʦ 

ʨʦʟʧʦʜʽʣʫ ʢʣʶʯʽʚ. ɼʣʷ ʢʦʞʥʦʛʦ ʬʘʡʣʫ ʥʝʟʘʣʝʞʥʦ ʛʝʥʝʨʫʻʪʴʩʷ ʫʥʽʢʘʣʴʥʠʡ 

ʚʠʧʘʜʢʦʚʠʡ ʬʘʡʣʦʚʠʡ ʢʣʶʯ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʦʢʨʝʤʦʛʦ ʢʣʶʯʘ ʜʣʷ ʢʦʞʥʦʛʦ 

ʬʘʡʣʫ ʻ ʧʨʠʥʮʠʧʦʚʦ ʚʘʞʣʠʚʠʤ: ʥʘʚʽʪʴ ʷʢʱʦ ʟʣʦʚʤʠʩʥʠʢ ʷʢʠʤʦʩʴ ʯʠʥʦʤ 

ʦʪʨʠʤʘʻ ʢʣʶʯ ʜʣʷ ʦʜʥʦʛʦ ʬʘʡʣʫ, ʮʝ ʞʦʜʥʠʤ ʯʠʥʦʤ ʥʝ ʢʦʤʧʨʦʤʝʪʫʻ ʽʥʰʽ 

ʬʘʡʣʠ. ʇʽʩʣʷ ʰʠʬʨʫʚʘʥʥʷ ʚʤʽʩʪʫ ʢʣʶʯ ʽʥʢʘʧʩʫʣʶʻʪʴʩʷ ʧʫʙʣʽʯʥʠʤ ʢʣʶʯʝʤ 

ʢʦʨʠʩʪʫʚʘʯʘ ʯʝʨʝʟ RSA-OAEP. OAEP (Optimal Asymmetric Encryption Padding) 

ʜʦʜʘʻ ʜʦ ʧʨʦʮʝʩʫ ʰʠʬʨʫʚʘʥʥʷ ʝʣʝʤʝʥʪ ʨʘʥʜʦʤʽʟʘʮʽʾ, ʱʦ ʨʦʙʠʪʴ ʩʭʝʤʫ ʩʪʽʡʢʦʶ 

ʜʦ ʘʪʘʢ ʥʘ ʦʩʥʦʚʽ ʧʽʜʽʙʨʘʥʦʛʦ ʰʠʬʨʦʪʝʢʩʪʫ (CCA2).  

ʈʝʘʣʽʟʘʮʽʷ ʚʝʙʟʘʩʪʦʩʫʥʢʫ  

ʉʝʨʚʝʨʥʘ ʯʘʩʪʠʥʘ ʟʘʩʪʦʩʫʥʢʫ ʨʝʘʣʽʟʦʚʘʥʘ ʥʘ ʙʘʟʽ ʬʨʝʡʤʚʦʨʢʫ NestJS, 

ʷʢʠʡ ʚʠʢʦʨʠʩʪʦʚʫʻ ʤʦʜʫʣʴʥʫ ʘʨʭʽʪʝʢʪʫʨʫ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ  

ʤʘʩʰʪʘʙʦʚʘʥʽʩʪʴ ʽ ʧʦʣʝʛʰʫʻ ʧʨʦʮʝʩ ʪʝʩʪʫʚʘʥʥʷ ʢʦʜʫ. ɻʦʣʦʚʥʠʡ AppModule 

ʦʙôʻʜʥʫʻ ʯʦʪʠʨʠ ʬʫʥʢʮʽʦʥʘʣʴʥʽ ʤʦʜʫʣʽ: AuthModule ʨʝʘʣʽʟʫʻ JWT-

ʘʚʪʝʥʪʠʬʽʢʘʮʽʶ ʢʦʨʠʩʪʫʚʘʯʽʚ ð ʧʽʩʣʷ ʫʩʧʽʰʥʦʛʦ ʚʭʦʜʫ ʢʣʽʻʥʪ ʦʪʨʠʤʫʻ 

ʧʽʜʧʠʩʘʥʠʡ ʪʦʢʝʥ, ʷʢʠʡ ʚʝʨʠʬʽʢʫʻʪʴʩʷ ʧʨʠ ʢʦʞʥʦʤʫ ʥʘʩʪʫʧʥʦʤʫ ʟʘʧʠʪʽ; 
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UsersModule ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʧʨʦʬʽʣʽ ʢʦʨʠʩʪʫʚʘʯʽʚ ʪʘ ʟʙʝʨʽʛʘʥʥʷ ʾʭʥʽʭ 

ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʜʘʥʠʭ; FilesModule ʢʝʨʫʻ ʤʝʪʘʜʘʥʠʤʠ ʬʘʡʣʽʚ; MinioModule 

ʥʘʜʘʻ ʥʠʟʴʢʦʨʽʚʥʝʚʽ ʩʝʨʚʽʩʠ ʜʣʷ ʚʟʘʻʤʦʜʽʾ ʟ ʦʙôʻʢʪʥʠʤ ʩʭʦʚʠʱʝʤ.  

ʗʢ ʨʝʣʷʮʽʡʥʫ ʙʘʟʫ ʜʘʥʠʭ ʦʙʨʘʥʦ PostgreSQL ʟ ʜʦʩʪʫʧʦʤ ʯʝʨʝʟ 

TypeORM, ʱʦ ʜʦʟʚʦʣʷʻ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʤʽʛʨʘʮʽʡʥʠʡ ʧʽʜʭʽʜ ʜʣʷ ʙʝʟʧʝʯʥʦʛʦ 

ʦʥʦʚʣʝʥʥʷ ʩʭʝʤʠ.  

 

ʈʠʩ. 1 - ER-ʜʽʘʛʨʘʤʘ ʙʘʟʠ ʜʘʥʠʭ  

ɼʣʷ ʟʙʝʨʽʛʘʥʥʷ ʟʘʰʠʬʨʦʚʘʥʠʭ ʙʽʥʘʨʥʠʭ ʦʙôʻʢʪʽʚ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ S3-

ʩʫʤʽʩʥʝ ʚʠʩʦʢʦʧʨʦʜʫʢʪʠʚʥʝ ʦʙôʻʢʪʥʝ ʩʭʦʚʠʱʝ ʟ ʚʽʜʢʨʠʪʠʤ ʢʦʜʦʤ MinIO, ʷʢʝ 

ʧʽʜʪʨʠʤʫʻ ʛʦʨʠʟʦʥʪʘʣʴʥʝ ʤʘʩʰʪʘʙʫʚʘʥʥʷ [5]. ʉʝʨʚʽʩ MinioService ʛʝʥʝʨʫʻ 

ʧʽʜʧʠʩʘʥʽ ʪʠʤʯʘʩʦʚʽ ʧʦʩʠʣʘʥʥʷ ʜʚʦʭ ʪʠʧʽʚ: PUT-ʧʦʩʠʣʘʥʥʷ ʜʣʷ ʟʘʚʘʥʪʘʞʝʥʥʷ 

ʬʘʡʣʫ ʢʣʽʻʥʪʦʤ ʥʘʧʨʷʤʫ ʚ MinIO ʪʘ GET-ʧʦʩʠʣʘʥʥʷ ʜʣʷ ʡʦʛʦ ʦʪʨʠʤʘʥʥʷ ʟ 

ʢʦʨʝʢʪʥʠʤ ʟʘʛʦʣʦʚʢʦʤ content-disposition, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʟʘʚʘʥʪʘʞʝʥʥʷ ʬʘʡʣʫ 

ʧʽʜ ʦʨʠʛʽʥʘʣʴʥʦʶ ʥʘʟʚʦʶ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʩʫʪʪʻʚʦ ʟʥʠʞʫʻ ʦʙʯʠʩʣʶʚʘʣʴʥʝ 

ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʩʝʨʚʝʨ ʟʘʩʪʦʩʫʥʢʫ ʪʘ ʫʥʝʤʦʞʣʠʚʣʶʻ ʜʦʩʪʫʧ ʜʦ 

ʥʝʟʘʰʠʬʨʦʚʘʥʦʛʦ ʚʤʽʩʪʫ ʥʘʚʽʪʴ ʪʝʭʥʽʯʥʦ.  

ʂʣʽʻʥʪʩʴʢʘ ʯʘʩʪʠʥʘ ʧʦʙʫʜʦʚʘʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ React ʽ ʻ 

ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʚʫʟʣʦʤ ʙʝʟʧʝʢʠ ʚʩʽʻʾ ʩʠʩʪʝʤʠ, ʦʩʢʽʣʴʢʠ ʩʘʤʝ ʪʫʪ  

ʨʝʘʣʽʟʦʚʘʥʦ ʧʨʠʥʮʠʧ End-to-End ʰʠʬʨʫʚʘʥʥʷ. ʄʘʨʰʨʫʪʠʟʘʮʽʷ ʟʘʭʠʱʝʥʘ 

ʢʦʤʧʦʥʝʥʪʦʤ ʚʠʱʦʛʦ ʧʦʨʷʜʢʫ ProtectedRoute, ʷʢʠʡ ʧʝʨʝʚʽʨʷʻ ʥʘʷʚʥʽʩʪʴ 

ʘʢʪʠʚʥʦʛʦ JWT-ʪʦʢʝʥʘ ʽ ʘʚʪʦʤʘʪʠʯʥʦ ʧʝʨʝʥʘʧʨʘʚʣʷʻ ʥʝʘʚʪʝʥʪʠʬʽʢʦʚʘʥʦʛʦ 

ʢʦʨʠʩʪʫʚʘʯʘ ʥʘ ʩʪʦʨʽʥʢʫ ʚʭʦʜʫ, ʟʙʝʨʽʛʘʶʯʠ ʧʦʯʘʪʢʦʚʠʡ ʰʣʷʭ ʜʣʷ ʧʦʚʝʨʥʝʥʥʷ. 

ʎʝʥʪʨʘʣʴʥʠʤ ʢʦʤʧʦʥʝʥʪʦʤ ʻ Dashboard ð ʚʽʥ ʢʦʦʨʜʠʥʫʻ ʟʘʚʘʥʪʘʞʝʥʥʷ ʬʘʡʣʽʚ, 

ʚʽʜʦʙʨʘʞʝʥʥʷ ʩʧʠʩʢʽʚ ʚʣʘʩʥʠʭ ʪʘ ʜʦʩʪʫʧʥʠʭ ʬʘʡʣʽʚ, ʘ ʪʘʢʦʞ ʽʥʽʮʽʶʻ ʚʠʢʣʠʢʠ 
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ʩʤʘʨʪ-ʢʦʥʪʨʘʢʪʫ ʧʽʩʣʷ ʢʦʞʥʦʾ ʬʘʡʣʦʚʦʾ ʦʧʝʨʘʮʽʾ. ʌʫʥʢʮʽʦʥʘʣ ʥʘʜʘʥʥʷ ʜʦʩʪʫʧʫ 

ʚʠʜʽʣʝʥʦ ʚ ʦʢʨʝʤʠʡ ʢʦʤʧʦʥʝʥʪ ShareModal: ʢʦʨʠʩʪʫʚʘʯ ʰʫʢʘʻ ʦʪʨʠʤʫʚʘʯʘ ʟʘ 

ʝʣʝʢʪʨʦʥʥʦʶ ʧʦʰʪʦʶ, ʚʚʦʜʠʪʴ ʩʚʦʶ seed-ʬʨʘʟʫ ʜʣʷ ʚʽʜʥʦʚʣʝʥʥʷ ʧʨʠʚʘʪʥʦʛʦ 

ʢʣʶʯʘ, ʧʽʩʣʷ ʯʦʛʦ ʙʨʘʫʟʝʨ ʩʘʤʦʩʪʽʡʥʦ ʚʠʢʦʥʫʻ ʧʝʨʝʰʠʬʨʫʚʘʥʥʷ ʬʘʡʣʦʚʦʛʦ 

ʢʣʶʯʘ ʧʫʙʣʽʯʥʠʤ ʢʣʶʯʝʤ ʦʪʨʠʤʫʚʘʯʘ. ɼʣʷ ʩʪʠʣʽʟʘʮʽʾ ʚʠʢʦʨʠʩʪʘʥʦ Tailwind 

CSS, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʘʜʘʧʪʠʚʥʽʩʪʴ ʽʥʪʝʨʬʝʡʩʫ ʪʘ ʘʥʽʤʦʚʘʥʽ ʽʥʜʠʢʘʪʦʨʠ 

ʟʘʚʘʥʪʘʞʝʥʥʷ ʧʽʜ ʯʘʩ ʪʨʠʚʘʣʠʭ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ ʦʧʝʨʘʮʽʡ.  

ʈʽʚʝʥʴ ʘʫʜʠʪʫ ʨʝʘʣʽʟʦʚʘʥʠʡ ʯʝʨʝʟ ʩʤʘʨʪ-ʢʦʥʪʨʘʢʪ ʤʦʚʦʶ Solidity, 

ʨʦʟʛʦʨʥʫʪʠʡ ʫ ʪʝʩʪʦʚʽʡ ʤʝʨʝʞʽ Sepolia ð ʧʦʚʥʦʤʫ ʘʥʘʣʦʛʫ ʦʩʥʦʚʥʦʾ ʤʝʨʝʞʽ, 

ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʪʝʩʪʫʚʘʪʠ ʣʦʛʽʢʫ ʙʝʟ ʨʝʘʣʴʥʠʭ ʬʽʥʘʥʩʦʚʠʭ ʚʠʪʨʘʪ [6]. ɭʜʠʥʘ 

ʪʦʯʢʘ ʚʭʦʜʫ ð ʬʫʥʢʮʽʷ logAction ð ʧʨʠʡʤʘʻ ʘʜʨʝʩʫ ʢʦʨʠʩʪʫʚʘʯʘ, 

ʽʜʝʥʪʠʬʽʢʘʪʦʨ ʬʘʡʣʫ ʪʘ ʪʠʧ ʜʽʾ, ʧʽʩʣʷ ʯʦʛʦ ʟʘʤʽʩʪʴ ʜʦʨʦʛʦʛʦ ʟʘʧʠʩʫ ʚ ʧʦʩʪʽʡʥʫ 

ʧʘʤôʷʪʴ ʢʦʥʪʨʘʢʪʫ ʛʝʥʝʨʫʻ ʽʥʜʝʢʩʦʚʘʥʫ ʧʦʜʽʶ FileActionEvent. ɯʥʜʝʢʩʫʚʘʥʥʷ ʟʘ 

ʘʜʨʝʩʦʶ ʛʘʤʘʥʮʷ ʜʦʟʚʦʣʷʻ ʟʦʚʥʽʰʥʽʤ ʢʣʽʻʥʪʘʤ ʤʠʪʪʻʚʦ ʬʽʣʴʪʨʫʚʘʪʠ ʚʩʶ 

ʽʩʪʦʨʽʶ ʜʽʡ ʢʦʥʢʨʝʪʥʦʛʦ ʢʦʨʠʩʪʫʚʘʯʘ ʙʝʟ ʩʢʘʥʫʚʘʥʥʷ ʚʩʴʦʛʦ ʣʘʥʮʶʞʢʘ ʙʣʦʢʽʚ. 

ʂʦʞʥʘ ʪʘʢʘ ʧʦʜʽʷ ʦʪʨʠʤʫʻ ʫʥʽʢʘʣʴʥʠʡ ʭʝʰ ʪʨʘʥʟʘʢʮʽʾ, ʱʦ ʩʪʘʻ ʥʝʟʤʽʥʥʠʤ 

ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʤ ʜʦʢʘʟʦʤ ʬʘʢʪʫ ʪʘ ʪʦʯʥʦʛʦ ʤʦʤʝʥʪʫ ʜʽʾ. ɺʟʘʻʤʦʜʽʷ ʢʣʽʻʥʪʘ ʟ 

ʙʣʦʢʯʝʡʥʦʤ ʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ ʙʽʙʣʽʦʪʝʢʫ Ethers.js ʫ ʟʚôʷʟʮʽ ʟ ʢʨʠʧʪʦ-ʛʘʤʘʥʮʝʤ 

MetaMask: ʢʦʨʠʩʪʫʚʘʯ ʧʽʜʧʠʩʫʻ ʢʦʞʥʫ ʪʨʘʥʟʘʢʮʽʶ ʩʚʦʾʤ ʧʨʠʚʘʪʥʠʤ ʢʣʶʯʝʤ 

ʛʘʤʘʥʮʷ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʡʦʛʦ ʽʜʝʥʪʠʬʽʢʘʮʽʶ ʥʘ ʨʽʚʥʽ ʧʨʦʪʦʢʦʣʫ ʪʘ 

ʫʥʝʤʦʞʣʠʚʣʶʻ ʧʽʜʨʦʙʢʫ ʘʚʪʦʨʩʪʚʘ ʟʘʧʠʩʫ.  

ɺʠʩʥʦʚʢʠ  

ʋ ʭʦʜʽ ʨʦʙʦʪʠ ʨʝʘʣʽʟʦʚʘʥʦ ʤʦʜʝʣʴ ʬʘʡʣʦʚʦʛʦ ʩʭʦʚʠʱʘ, ʱʦ ʙʘʟʫʻʪʴʩʷ ʥʘ 

ʧʨʠʥʮʠʧʽ ʥʫʣʴʦʚʦʾ ʜʦʚʽʨʠ ʜʦ ʩʝʨʚʝʨʘ. ʆʩʥʦʚʥʽ ʨʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ: Å 

ɻʘʨʘʥʪʽʷ ʢʦʥʬʽʜʝʥʮʽʡʥʦʩʪʽ. ɿʘʚʜʷʢʠ ʚʠʢʦʨʠʩʪʘʥʥʶ Web Crypto API ʪʘ 

ʛʽʙʨʠʜʥʦʾ ʩʭʝʤʠ ʰʠʬʨʫʚʘʥʥʷ (RSA-OAEP ʜʣʷ ʢʣʶʯʽʚ ʪʘ AES-256-GCM  

ʜʣʷ ʜʘʥʠʭ) ʟʘʙʝʟʧʝʯʝʥʦ ʧʦʚʥʠʡ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʡ ʮʠʢʣ ʥʘ ʩʪʦʨʦʥʽ ʢʣʽʻʥʪʘ. 

ʎʝ ʫʥʝʤʦʞʣʠʚʣʶʻ ʜʦʩʪʫʧ ʧʨʦʚʘʡʜʝʨʘ ʜʦ ʚʤʽʩʪʫ ʬʘʡʣʽʚ.  

Å ɼʝʮʝʥʪʨʘʣʽʟʦʚʘʥʠʡ ʘʫʜʠʪ. ɯʥʪʝʛʨʘʮʽʷ ʩʤʘʨʪ-ʢʦʥʪʨʘʢʪʫ ʚ ʤʝʨʝʞʽ Sepolia 

ʜʦʟʚʦʣʠʣʘ ʩʪʚʦʨʠʪʠ ʥʝʟʤʽʥʥʠʡ ʞʫʨʥʘʣ ʧʦʜʽʡ. ʂʦʞʥʘ ʦʧʝʨʘʮʽʷ ʟ ʬʘʡʣʦʤ 

ʬʽʢʩʫʻʪʴʩʷ ʷʢ ʽʥʜʝʢʩʦʚʘʥʘ ʧʦʜʽʷ, ʧʽʜʧʠʩʘʥʘ ʧʨʠʚʘʪʥʠʤ ʢʣʶʯʝʤ ʢʦʨʠʩʪʫʚʘʯʘ 

ʯʝʨʝʟ MetaMask, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʤʘʪʝʤʘʪʠʯʥʦ ʜʦʚʝʜʝʥʫ ʧʨʦʟʦʨʽʩʪʴ.  

Å ɸʨʭʽʪʝʢʪʫʨʥʘ ʛʥʫʯʢʽʩʪʴ. ʇʦʻʜʥʘʥʥʷ NestJS ʪʘ MinIO ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʧʽʜʧʠʩʘʥʠʭ ʪʠʤʯʘʩʦʚʠʭ ʧʦʩʠʣʘʥʴ ʜʦʟʚʦʣʠʣʦ ʤʽʥʽʤʽʟʫʚʘʪʠ ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ 

ʩʝʨʚʝʨ ʟʘʩʪʦʩʫʥʢʫ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʧʨʠ ʮʴʦʤʫ ʚʠʩʦʢʫ ʰʚʠʜʢʽʩʪʴ ʦʙʨʦʙʢʠ 
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ʙʽʥʘʨʥʠʭ ʜʘʥʠʭ.  

ʈʦʟʨʦʙʣʝʥʘ ʩʠʩʪʝʤʘ ʚʠʨʽʰʫʻ ʧʨʦʙʣʝʤʫ ʜʦʚʽʨʠ ʜʦ ʮʝʥʪʨʘʣʽʟʦʚʘʥʠʭ 

ʭʤʘʨʥʠʭ ʧʨʦʚʘʡʜʝʨʽʚ ʪʘ ʟʘʢʣʘʜʘʻ ʧʽʜˇʨʫʥʪʷ ʜʣʷ ʧʝʨʝʭʦʜʫ ʜʦ ʧʦʚʥʽʩʪʶ 

ʜʝʮʝʥʪʨʘʣʽʟʦʚʘʥʠʭ ʨʽʰʝʥʴ ʟʙʝʨʽʛʘʥʥʷ ʜʘʥʠʭ.  

ʉʧʠʩʦʢ ʚʠʢʦʨʠʩʪʘʥʠʭ ʜʞʝʨʝʣ  
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ʈʝʞʠʤ ʜʦʩʪʫʧʫ: https://eprint.iacr.org/2000/061  
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4118  
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kanapkaagrus@gmail.com, apuhlij66@gmail.com 

 

ɺ ʫʤʦʚʘʭ ʩʪʨʽʤʢʦʛʦ ʨʦʟʚʠʪʢʫ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʪʝʭʥʦʣʦʛʽʡ ʧʨʦʙʣʝʤʘ 

ʛʝʥʝʨʫʚʘʥʥʷ ʜʝʟʽʥʬʦʨʤʘʮʽʾ ʪʘ ʮʠʬʨʦʚʦʛʦ ʰʘʭʨʘʡʩʪʚʘ ʥʘʙʫʣʘ ʢʨʠʪʠʯʥʦʛʦ 

ʤʘʩʰʪʘʙʫ. ʐʚʠʜʢʽʩʪʴ ʧʦʰʠʨʝʥʥʷ ʜʝʟʽʥʬʦʨʤʘʮʽʾ ʫʥʝʤʦʞʣʠʚʣʶʻ ʾʾ ʨʫʯʥʫ 

ʤʦʜʝʨʘʮʽʶ. ʉʘʤʝ ʮʝ ʩʪʚʦʨʶʻ ʥʘʛʘʣʴʥʫ ʧʦʪʨʝʙʫ ʫ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʮʴʦʛʦ 

ʧʨʦʮʝʩʫ ðʧʦʙʫʜʦʚʠ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʟʘʩʦʙʽʚ ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʘʥʘʣʽʟʫ 

ʚʝʣʠʢʦʛʦ ʦʙʩʷʛʫ ʜʘʥʠʭ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʦʟʥʘʢ ʩʪʠʣʽʩʪʠʯʥʠʭ ʤʘʥʽʧʫʣʷʮʽʡ, ʯʠ 

ʩʫʤʥʽʚʥʠʭ ʬʽʥʘʥʩʦʚʠʭ ʦʧʝʨʘʮʽʡ.  

mailto:kanapkaagrus@gmail.com
https://lnueduua-my.sharepoint.com/personal/sofiia_bohdanovych_lnu_edu_ua/Documents/apuhlij66@gmail.com
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ʄʝʪʦʶ ʧʨʦʻʢʪʫ TrustGuard ʻ ʩʪʚʦʨʝʥʥʷ ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʾ ʪʘ ʟʨʫʯʥʦʾ ʜʣʷ 

ʢʦʨʠʩʪʫʚʘʯʘ ʚʝʙʧʣʘʪʬʦʨʤʠ ʜʣʷ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʯʠ ʩʧʨʦʩʪʫʚʘʥʥʷ ʧʨʘʚʜʠʚʦʩʪʽ 

ʽʥʬʦʨʤʘʮʽʾ. ʆʩʥʦʚʥʘ ʽʜʝʷ ʧʦʣʷʛʘʻ ʫ ʧʦʻʜʥʘʥʥʽ ʩʫʯʘʩʥʠʭ ʚʝʙʪʝʭʥʦʣʦʛʽʡ ʪʘ 

ʤʝʪʦʜʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʪʦʯʥʦʛʦ ʬʘʢʪʯʝʢʽʥʛʫ.   

ɻʣʦʙʘʣʴʥʠʡ ʟʘʜʫʤ ʧʣʘʪʬʦʨʤʠ ʦʭʦʧʣʶʻ ʜʚʘ ʦʩʥʦʚʥʽ ʥʘʧʨʷʤʢʠ: 

ʚʠʷʚʣʝʥʥʷ ʬʝʡʢʦʚʠʭ ʥʦʚʠʥ ʪʘ ʽʜʝʥʪʠʬʽʢʘʮʽʶ ʰʘʭʨʘʡʩʴʢʠʭ ʪʨʘʥʟʘʢʮʽʡ. ʆʜʥʘʢ 

ʫ ʤʝʞʘʭ ʜʘʥʦʾ ʨʦʙʦʪʠ, ʙʫʣʦ ʨʝʘʣʽʟʦʚʘʥʦ ʣʠʰʝ ʤʦʜʫʣʴ ʘʥʘʣʽʟʫ ʪʝʢʩʪʦʚʦʛʦ 

ʢʦʥʪʝʥʪʫ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʧʨʘʚʜʠʚʦʩʪʽ ʥʦʚʠʥ. ʊʦʤʫ ʥʘʜʘʣʽ ʙʫʜʝ ʡʪʠʩʷ ʩʘʤʝ ʧʨʦ 

ʮʝʡ ʤʦʜʫʣʴ.  

ɸʨʭʽʪʝʢʪʫʨʘ TrustGuard ʩʧʨʦʻʢʪʦʚʘʥʘ ʟʘ ʧʨʠʥʮʠʧʦʤ ʤʽʢʨʦʩʝʨʚʽʩʥʦʛʦ 

ʧʽʜʭʦʜʫ. ʉʠʩʪʝʤʘ ʨʦʟʜʽʣʝʥʘ ʥʘ ʜʚʘ ʬʫʥʢʮʽʦʥʘʣʴʥʽ ʚʫʟʣʠ: ʛʦʣʦʚʥʠʡ ʚʝʙʩʝʨʚʝʨ 

ʜʣʷ ʚʟʘʻʤʦʜʽʾ ʟ ʢʦʨʠʩʪʫʚʘʯʝʤ ʪʘ ʩʝʨʚʽʩ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɺʟʘʻʤʦʜʽʷ ʤʽʞ 

ʥʠʤʠ ʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ REST.API. 

ɻʦʣʦʚʥʠʡ ʚʝʙʩʝʨʚʝʨ ʨʦʟʨʦʙʣʝʥʦ ʥʘ ʦʩʥʦʚʽ ASP.NET Core ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʧʘʪʝʨʥʫ MVC ʪʘ ʧʨʠʥʮʠʧʽʚ Clean Architecture. ʉʠʩʪʝʤʘ ʤʘʻ 

ʯʽʪʢʠʡ ʧʦʜʽʣ ʥʘ ʰʘʨʠ, ʜʝ ʢʦʥʪʨʦʣʝʨʠ ʚʽʜʧʦʚʽʜʘʶʪʴ ʟʘ ʦʙʨʦʙʢʫ HTTP-ʟʘʧʠʪʽʚ, 

ʩʝʨʚʽʩʠ ʨʝʘʣʽʟʫʶʪʴ ʙʽʟʥʝʩ-ʣʦʛʽʢʫ, ʘ ʨʝʧʦʟʠʪʦʨʽʾ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʟʘʻʤʦʜʽʶ ʽʟ 

ʙʘʟʦʶ ʜʘʥʠʭ. 

ɯʥʪʝʨʬʝʡʩ ʢʦʨʠʩʪʫʚʘʯʘ ʧʦʙʫʜʦʚʘʥʦ ʥʘ ʙʘʟʽ Razor Views ʫ ʧʦʻʜʥʘʥʥʽ ʽʟ 

Bootstrap ʜʣʷ ʩʪʠʣʽʟʘʮʽʾ ʪʘ Chart.js ʜʣʷ ʚʽʟʫʘʣʽʟʘʮʽʾ ʩʪʘʪʠʩʪʠʢʠ. ʈʝʻʩʪʨʘʮʽʷ, 

ʘʚʪʦʨʠʟʘʮʽʷ, ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʝʣʝʢʪʨʦʥʥʦʾ ʧʦʰʪʠ ʨʝʘʣʽʟʦʚʘʥʦ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ASP.NET Identity. ɿʙʝʨʽʛʘʥʥʷ ʜʘʥʠʭ ʟʘʙʝʟʧʝʯʫʻʪʴʩʷ ʨʝʣʷʮʽʡʥʦʶ ʙʘʟʦʶ ʜʘʥʠʭ 

PostgreSQL, ʚʟʘʻʤʦʜʽʷ ʽʟ ʷʢʦʶ ʟʜʽʡʩʥʶʻʪʴʩʷ ʯʝʨʝʟ ORM-ʬʨʝʡʤʚʦʨʢ EF Core. 

ɼʣʷ ʧʘʨʩʠʥʛʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʪʘʢʽ ʽʥʩʪʨʫʤʝʥʪʠ: PdfPig, 

OpenXML, SmartReader. ʊʘʢʦʞ ʜʣʷ ʘʥʘʣʽʟʫ ʪʝʢʩʪʫ ʽʟ ʟʦʙʨʘʞʝʥʴ ʩʠʩʪʝʤʘ 

ʽʥʪʝʛʨʫʻ ʙʽʙʣʽʦʪʝʢʫ ʦʧʪʠʯʥʦʛʦ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʩʠʤʚʦʣʽʚ Tesseract. 

ʄʦʜʫʣʴ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʚʠʥʝʩʝʥʦ ʚ ʦʢʨʝʤʠʡ ʤʽʢʨʦʩʝʨʚʽʩ 

ʨʝʘʣʽʟʦʚʘʥʠʡ ʤʦʚʦʶ Python ̔ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʚʝʙʬʨʝʡʤʚʦʨʢʫ FastAPI. ɼʣʷ 

ʩʪʘʙʽʣʴʥʦʾ ʨʦʙʦʪʠ ʧʨʠ ʚʠʩʦʢʠʭ ʥʘʚʘʥʪʘʞʝʥʥʷʭ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʙʨʦʢʝʨ 

ʧʦʚʽʜʦʤʣʝʥʴ Redis, ʷʢʠʡ ʚʠʢʦʥʫʻ ʨʦʣʴ ʯʝʨʛʠ ʟʘʜʘʯ. FastAPI ʧʨʠʡʤʘʻ ʟʘʧʠʪ ʪʘ 

ʧʝʨʝʜʘʻ ʡʦʛʦ ʚ Redis, ʧʽʩʣʷ ʯʦʛʦ ʬʦʥʦʚʠʡ ʧʨʦʮʝʩ ʦʙʨʦʙʣʷʻ ʟʘʜʘʯʫ ʘʩʠʥʭʨʦʥʥʦ, 

ʥʝ ʙʣʦʢʫʶʯʠ ʦʩʥʦʚʥʠʡ ʧʦʪʽʢ ʚʝʙ-ʩʝʨʚʝʨʘ.  

ɿʘʜʘʯʘʤʠ Worker-ʧʨʦʮʝʩʫ ʻ ʦʯʠʱʝʥʥʷ ʪʝʢʩʪʫ, ʱʦ ʧʦʩʪʫʧʘʻ ʽʟ C#-

ʙʝʢʝʥʜʫ, ʡʦʛʦ ʚʝʢʪʦʨʠʟʘʮʽʷ ʜʣʷ ʘʥʘʣʽʟʫ ʤʦʜʝʣʣʶ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ʅʘ 

ʦʩʥʦʚʽ ʮʴʦʛʦ ʤʦʜʝʣʴ ʚʠʢʦʥʫʻ ʢʣʘʩʠʬʽʢʘʮʽʶ ʥʦʚʠʥ, ʧʽʩʣʷ ʯʦʛʦ ʚʠʟʥʘʯʘʶʪʴʩʷ 

ʢʣʶʯʦʚʽ ʩʣʦʚʘ, ʱʦ ʥʘʡʙʽʣʴʰʝ ʚʧʣʠʥʫʣʠ ʥʘ ʨʽʰʝʥʥʷ ʤʦʜʝʣʽ ʪʘ ʬʦʨʤʫʻʪʴʩʷ 
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ʢʦʨʦʪʢʠʡ ʧʽʜʩʫʤʦʢ ʥʦʚʠʥʠ. ʆʢʨʽʤ ʮʴʦʛʦ ʬʦʥʦʚʠʡ ʧʨʦʮʝʩ ʚʠʢʦʥʫʻ ʧʦʰʫʢ 

ʧʦʜʽʙʥʠʭ ʥʦʚʠʥ ʫ ʧʝʨʝʚʽʨʝʥʠʭ ʜʞʝʨʝʣʘʭ. 

ʂʦʤʫʥʽʢʘʮʽʷ ʤʽʞ C#-ʙʝʢʝʥʜʦʤ ʽ Python-ʤʽʢʨʦʩʝʨʚʽʩʦʤ ʧʦʢʘʟʘʥʘ ʥʘ ʩʭʝʤʽ 

(ʈʠʩ. 1). 

ʈʠʩ. 1. ʂʦʤʫʥʽʢʘʮʽʷ ʤʽʞ C#-ʙʝʢʝʥʜʦʤ ʽ Python-ʤʽʢʨʦʩʝʨʚʽʩʦʤ 

ʇʨʦʻʢʪʫʚʘʥʥʷ ʙʘʟʠ ʜʘʥʠʭ ʚʠʢʦʥʘʥʦ ʟʘ ʧʽʜʭʦʜʦʤ Code-First ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ EF Core. ʄʦʜʝʣʴ ʜʘʥʠʭ ʩʠʩʪʝʤʠ ʚʢʣʶʯʘʻ ʩʫʪʥʦʩʪʽ, ʱʦ 

ʚʽʜʧʦʚʽʜʘʶʪʴ ʢʦʨʠʩʪʫʚʘʯʘʤ, ʧʝʨʝʚʽʨʢʘʤ ʥʦʚʠʥ, ʢʣʶʯʦʚʠʤ ʩʣʦʚʘʤ, ʟʥʘʡʜʝʥʠʤ 

ʜʞʝʨʝʣʘʤ, ʜʦʚʽʨʝʥʠʤ ʜʦʤʝʥʘʤ ʪʘ ʾʭ ʦʮʽʥʢʠ. ɿʚôʷʟʢʠ ʤʽʞ ʩʫʪʥʦʩʪʷʤʠ 

ʚʽʜʦʙʨʘʞʘʶʪʴ ʣʦʛʽʢʫ ʨʦʙʦʪʠ ʩʠʩʪʝʤʠ: ʦʜʠʥ ʢʦʨʠʩʪʫʚʘʯ ʤʦʞʝ ʩʪʚʦʨʶʚʘʪʠ 

ʙʘʛʘʪʦ ʧʝʨʝʚʽʨʦʢ ʥʦʚʠʥ, ʘ ʢʦʞʥʘ ʧʝʨʝʚʽʨʢʘ ʤʦʞʝ ʤʽʩʪʠʪʠ ʧʦʚôʷʟʘʥʽ ʢʣʶʯʦʚʽ 

ʩʣʦʚʘ ʪʘ ʟʦʚʥʽʰʥʽ ʜʞʝʨʝʣʘ. ER-ʜʽʘʛʨʘʤʘ ʤʦʜʝʣʽ ʙʘʟʠ ʜʘʥʠʭ ʟʦʙʨʘʞʝʥʘ ʥʘ ʈʠʩ. 2.  
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ʈʠʩ. 2. ER-ʜʽʘʛʨʘʤʘ ʤʦʜʝʣʽ ʙʘʟʠ ʜʘʥʠʭ 

ʑʦʜʦ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʦʙʨʦʙʢʠ ʙʝʟʧʦʩʝʨʝʜʥʽʡ ʧʨʦʮʝʩ ʨʦʟʧʦʯʠʥʘʻʪʴʩʷ ʟ  

ʦʯʠʱʝʥʥʷ ʪʝʢʩʪʫ: ʧʝʨʝʚʝʜʝʥʥʷ ʚ ʥʠʞʥʽʡ ʨʝʛʽʩʪʨ, ʚʠʜʘʣʝʥʥʷ URL-ʘʜʨʝʩ, ʯʠʩʝʣ 

ʪʘ ʧʫʥʢʪʫʘʮʽʾ, ʧʽʩʣʷ ʯʦʛʦ ʚʠʢʦʥʫʻʪʴʩʷ ʪʦʢʝʥʽʟʘʮʽʷ ʪʘ ʚʠʜʘʣʝʥʥʷ ʩʪʦʧ-

ʩʣʽʚ, ʣʝʤʘʪʠʟʘʮʽʷ. ɼʘʣʽ ʦʯʠʱʝʥʠʡ ʢʦʥʪʝʥʪ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʫ ʯʠʩʣʦʚʠʡ ʬʦʨʤʘʪ 

ʟʘ ʜʦʧʦʤʦʛʦʶ ʘʣʛʦʨʠʪʤʫ TF-IDF, ʱʦ ʜʦʟʚʦʣʷʻ ʦʮʽʥʠʪʠ ʩʪʘʪʠʩʪʠʯʥʫ ʟʥʘʯʫʱʽʩʪʴ 

ʢʦʞʥʦʛʦ ʩʣʦʚʘ ʚ ʤʝʞʘʭ ʪʝʢʩʪʫ. ʆʪʨʠʤʘʥʽ ʚʝʢʪʦʨʠ ʧʝʨʝʜʘʶʪʴʩʷ ʥʘ ʚʭʽʜ 

ʢʣʘʩʠʬʽʢʘʮʽʡʥʽʡ ʤʦʜʝʣʽ Random Forest. ʅʘʚʯʘʥʥʷ ʮʽʻʾ ʤʦʜʝʣʽ ʧʨʦʚʦʜʠʣʦʩʷ ʥʘ 

ʙʘʟʽ ʚʽʜʢʨʠʪʦʛʦ ʥʘʙʦʨʫ ʜʘʥʠʭ WELFake_Dataset.csv ʽʟ ʧʣʘʪʬʦʨʤʠ Kaggle, ʱʦ  

ʥʘʣʽʯʫʻ 72134 ʪʝʢʩʪʽʚ ʪʘ ʻ ʟʙʘʣʘʥʩʦʚʘʥʠʤ (50% ʧʨʘʚʜʠʚʠʭ ʪʘ 50% ʬʝʡʢʦʚʠʭ 

ʥʦʚʠʥ). ʄʦʜʝʣʴ ʢʣʘʩʠʬʽʢʫʻ ʚʭʽʜʥʽ ʜʘʥʽ ʷʢ TRUE ʘʙʦ FALSE ʪʘ ʬʦʨʤʫʻ 

ʧʦʢʘʟʥʠʢ ʚʧʝʚʥʝʥʦʩʪʽ. ɸʣʛʦʨʠʪʤ ʪʘʢʦʞ ʚʠʪʷʛʫʻ ʢʣʶʯʦʚʽ ʩʣʦʚʘ, ʱʦ ʚʧʣʠʥʫʣʠ 

ʥʘ ʨʽʰʝʥʥʷ ʤʦʜʝʣʽ, ʰʣʷʭʦʤ ʘʥʘʣʽʟʫ ʢʦʤʧʦʥʝʥʪʽʚ ʚʝʢʪʦʨʘ ʟ ʥʘʡʚʠʱʠʤʠ 

ʢʦʝʬʽʮʽʻʥʪʘʤʠ TF-IDF.  

ɼʣʷ ʧʨʠʩʢʦʨʝʥʥʷ ʦʟʥʘʡʦʤʣʝʥʥʷ ʢʦʨʠʩʪʫʚʘʯʘ ʦʙ'ʻʤʥʠʤʠ ʤʘʪʝʨʽʘʣʘʤʠ 

ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʦʜʫʣʴ ʛʝʥʝʨʘʮʽʾ  ʧʽʜʩʫʤʢʽʚ. ʊʝʢʩʪ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʨʝʯʝʥʥʷ, 

ʦʮʽʥʶʻʪʴʩʷ ʚʘʞʣʠʚʽʩʪʴ ʩʣʽʚ, ʧʽʩʣʷ ʯʦʛʦ ʚʽʜʙʠʨʘʶʪʴʩʷ ʥʘʡʙʽʣʴʰ ʽʥʬʦʨʤʘʪʠʚʥʽ 

ʨʝʯʝʥʥʷ. 

ʆʢʨʽʤ ʪʝʢʩʪʦʚʦʛʦ ʘʥʘʣʽʟʫ ʬʫʥʢʮʽʦʥʫʻ ʤʦʜʫʣʴ ʧʦʰʫʢʫ ʩʭʦʞʠʭ 

ʧʫʙʣʽʢʘʮʽʡ ʫ ʤʝʨʝʞʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʽʥʪʝʛʨʘʮʽʾ ʽʟ DuckDuckGo. ʇʨʠʯʦʤʫ 

ʢʦʨʠʩʪʫʚʘʯʫ ʥʘʜʘʻʪʴʩʷ ʧʝʨʝʛʣʷʥʫʪʠ ʥʝ ʫʚʝʩʴ ʩʧʠʩʦʢ ʜʞʝʨʝʣ, ʷʢʽ ʚʜʘʣʦʩʷ  
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ʟʥʘʡʪʠ ʧʦʰʫʢʦʚʽʡ ʩʠʩʪʝʤʽ, ʘ ʣʠʰʝ ʪʽ ʧʫʙʣʽʢʘʮʽʾ, ʜʦʤʝʥʠ ʷʢʠʭ ʥʘʷʚʥʽ ʫ ʪʘʙʣʠʮʽ 

ʥʘʜʽʡʥʠʭ ʜʞʝʨʝʣ ʙʘʟʠ ʜʘʥʠʭ TrustedDomains.   

ʋ ʨʝʟʫʣʴʪʘʪʽ ʨʦʟʨʦʙʢʠ ʙʫʣʦ ʩʪʚʦʨʝʥʦ ʚʝʙʧʣʘʪʬʦʨʤʫ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʾ ʧʝʨʝʚʽʨʢʠ ʧʨʘʚʜʠʚʦʩʪʽ ʥʦʚʠʥ, ʷʢʘ ʜʦʟʚʦʣʷʻ ʢʦʨʠʩʪʫʚʘʯʘ 

ʟʘʚʘʥʪʘʞʫʚʘʪʠ ʪʝʢʩʪ ʨʽʟʥʠʭ ʬʦʨʤʘʪʽʚ ʪʘ ʦʪʨʠʤʫʚʘʪʠ ʨʝʟʫʣʴʪʘʪ ʢʣʘʩʠʬʽʢʘʮʽʾ ʽʟ 

ʚʽʜʦʙʨʘʞʝʥʥʷʤ ʨʽʚʥʷ ʚʧʝʚʥʝʥʦʩʪʽ ʤʦʜʝʣʽ. ɼʦʜʘʪʢʦʚʦ ʩʠʩʪʝʤʘ ʥʘʜʘʻ ʢʦʨʦʪʢʠʡ 

ʟʤʽʩʪ ʥʦʚʠʥʠ, ʚʠʜʽʣʷʻ ʢʣʶʯʦʚʽ ʩʣʦʚʘ, ʱʦ ʚʧʣʠʥʫʣʠ ʥʘ ʨʽʰʝʥʥʷ ʤʦʜʝʣʽ, ʪʘ ʥʘʜʘʻ 

ʧʝʨʝʣʽʢ 10-ʪʠ ʧʫʙʣʽʢʘʮʽʡ ʩʝʨʝʜ ʜʦʚʽʨʝʥʠʭ ʜʞʝʨʝʣ. ʈʝʘʣʽʟʦʚʘʥʦ 

ʬʫʥʢʮʽʦʥʘʣʴʥʽʩʪʴ ʨʝʻʩʪʨʘʮʽʾ ʪʘ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʢʦʨʠʩʪʫʚʘʯʽʚ, ʧʝʨʩʦʥʘʣʴʥʠʡ 

ʜʘʰʙʦʨʜ ʽʟ ʩʪʘʪʠʩʪʠʢʦʶ ʧʝʨʝʚʽʨʦʢ ʪʘ ʤʦʞʣʠʚʽʩʪʴ ʧʝʨʝʛʣʷʜʫ ʽʩʪʦʨʽʾ ʧʦʧʝʨʝʜʥʽʭ 

ʧʝʨʝʚʽʨʦʢ. 
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ɼʆʉʃɯɼɾɽʅʅʗ ʄɽʊʆɼɯɺ ʉɽɻʄɽʅʊɸʎɯɰ ʊɽʂʉʊʋ ɺ ʇʆʐʋʂʆɺʀʍ 

ʉʀʉʊɽʄɸʍ ʅɸ ʆʉʅʆɺɯ ɺɽʂʊʆʈʅʀʍ ɹɸɿ ɼɸʅʀʍ 

ʈʦʤʘʥ ɿʘʙʦʣʦʪʥʽʡ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

roman.zabolotnii@lnu.edu.ua 

ɺʩʪʫʧ 

ʉʫʯʘʩʥʽ ʽʥʬʦʨʤʘʮʽʡʥʽ ʩʠʩʪʝʤʠ ʜʝʜʘʣʽ ʯʘʩʪʽʰʝ ʩʪʠʢʘʶʪʴʩʷ ʟ 

ʥʝʦʙʭʽʜʥʽʩʪʶ ʦʙʨʦʙʢʠ ʚʝʣʠʢʠʭ ʦʙʩʷʛʽʚ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʜʘʥʠʭ. ʊʨʘʜʠʮʽʡʥʽ 

ʨʝʣʷʮʽʡʥʽ ʙʘʟʠ ʜʘʥʠʭ ʥʝ ʧʨʠʩʪʦʩʦʚʘʥʽ ʜʣʷ ʝʬʝʢʪʠʚʥʦʛʦ ʧʦʰʫʢʫ ʟʘ 

ʩʝʤʘʥʪʠʯʥʦʶ ʩʭʦʞʽʩʪʶ, ʱʦ ʟʫʤʦʚʣʶʻ ʩʪʨʽʤʢʝ ʟʨʦʩʪʘʥʥʷ ʽʥʪʝʨʝʩʫ ʜʦ 

ʚʝʢʪʦʨʥʠʭ ʙʘʟ ʜʘʥʠʭ ʪʘ ʩʠʩʪʝʤ ʥʘ ʙʘʟʽ ʘʨʭʽʪʝʢʪʫʨʠ RAG (Retrieval-Augmented 

Generation). ɿʘʚʜʷʢʠ ʮʽʡ ʘʨʭʽʪʝʢʪʫʨʽ ʤʦʚʥʽ ʤʦʜʝʣʽ (LLM) ʦʪʨʠʤʫʶʪʴ ʜʦʩʪʫʧ ʜʦ 

ʨʝʘʣʴʥʠʭ ʙʘʟ ʟʥʘʥʴ. ʎʝ ʜʦʧʦʤʘʛʘʻ ʾʤ ʥʝ ʚʠʛʘʜʫʚʘʪʠ ʥʝʽʩʥʫʶʯʠʭ ʬʘʢʪʽʚ (ʥʝ 

çʛʘʣʶʮʠʥʫʚʘʪʠè). 

ʇʨʦʪʝ ʝʬʝʢʪʠʚʥʽʩʪʴ RAG-ʩʠʩʪʝʤ ʢʨʠʪʠʯʥʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʧʦʯʘʪʢʦʚʦʛʦ 

ʝʪʘʧʫ ʧʽʜʛʦʪʦʚʢʠ ʜʘʥʠʭ ð ʩʝʛʤʝʥʪʘʮʽʾ ʪʝʢʩʪʫ (chunking). ʗʢʱʦ ʪʝʢʩʪ ʨʦʟʙʠʪʦ 
ʥʝʢʦʨʝʢʪʥʦ, ʢʣʶʯʦʚʠʡ ʢʦʥʪʝʢʩʪ ʚʪʨʘʯʘʻʪʴʩʷ, ʱʦ ʩʧʨʠʯʠʥʷʻ çʝʬʝʢʪ ʥʘʡʩʣʘʙʰʦʾ 

ʣʘʥʢʠè: ʞʦʜʥʘ, ʥʘʚʽʪʴ ʥʘʡʧʦʪʫʞʥʽʰʘ ʤʦʚʥʘ ʤʦʜʝʣʴ, ʥʝ ʟʤʦʞʝ ʥʘʜʘʪʠ 

ʧʨʘʚʠʣʴʥʫ ʚʽʜʧʦʚʽʜʴ, ʷʢʱʦ ʧʦʰʫʢʦʚʠʡ ʘʣʛʦʨʠʪʤ ʧʝʨʝʜʘʚ ʾʡ ʥʝʨʝʣʝʚʘʥʪʥʠʡ ʘʙʦ 

ʨʦʟʽʨʚʘʥʠʡ ʬʨʘʛʤʝʥʪ ʪʝʢʩʪʫ. ʄʝʪʦʶ ʜʘʥʦʾ ʨʦʙʦʪʠ ʻ ʜʦʩʣʽʜʞʝʥʥʷ ʪʘ 

ʦʙˇʨʫʥʪʫʚʘʥʥʷ ʦʧʪʠʤʘʣʴʥʠʭ ʩʪʨʘʪʝʛʽʡ ʨʦʟʙʠʪʪʷ ʥʝʩʪʨʫʢʪʫʨʦʚʘʥʠʭ ʪʝʢʩʪʦʚʠʭ 

ʜʘʥʠʭ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʪʦʯʥʦʩʪʽ ʪʘ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʣʦʢʘʣʴʥʠʭ RAG-ʩʠʩʪʝʤ. 

ʊʝʦʨʝʪʠʯʥʝ ʧʽʜˇʨʫʥʪʷ 

ɺʝʢʪʦʨʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʪʝʢʩʪʫ (ʝʤʙʝʜʠʥʛ) ð ʮʝ ʙʘʟʦʚʘ ʤʘʪʝʤʘʪʠʯʥʘ 

ʩʪʨʫʢʪʫʨʘ, ʷʢʘ ʜʦʟʚʦʣʷʻ ʧʝʨʝʪʚʦʨʠʪʠ ʪʝʢʩʪ ʥʘ ʤʘʩʠʚ ʜʽʡʩʥʠʭ ʯʠʩʝʣ ʫ 

ʙʘʛʘʪʦʚʠʤʽʨʥʦʤʫ ʧʨʦʩʪʦʨʽ ʪʘʢʠʤ ʯʠʥʦʤ, ʱʦʙ ʩʝʤʘʥʪʠʯʥʦ ʙʣʠʟʴʢʽ ʧʦʥʷʪʪʷ 

ʟʥʘʭʦʜʠʣʠʩʷ ʧʦʨʫʯ. ɼʣʷ ʦʙʨʦʙʢʠ ʪʘʢʠʭ ʚʝʢʪʦʨʽʚ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ 

ʩʧʝʮʽʘʣʽʟʦʚʘʥʽ ʚʝʢʪʦʨʥʽ ʙʘʟʠ ʜʘʥʠʭ (ʥʘʧʨʠʢʣʘʜ, Qdrant), ʷʢʽ ʟʘʩʪʦʩʦʚʫʶʪʴ 
ʘʣʛʦʨʠʪʤʠ ʥʘʙʣʠʞʝʥʦʛʦ ʧʦʰʫʢʫ ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ, ʟʦʢʨʝʤʘ HNSW 

(Hierarchical Navigable Small World). ʎʝʡ ʘʣʛʦʨʠʪʤ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ 

ʰʚʠʜʢʽʩʪʴ ʧʦʰʫʢʫ ʙʝʟ ʧʦʚʥʦʛʦ ʧʝʨʝʙʦʨʫ ʝʣʝʤʝʥʪʽʚ, ʱʦ ʜʦʟʚʦʣʷʻ ʦʙʨʦʙʣʷʪʠ 

ʚʝʣʠʯʝʟʥʽ ʤʘʩʠʚʠ ʜʘʥʠʭ. ɼʣʷ ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤʠ ʚʪʨʘʪʠ ʢʦʥʪʝʢʩʪʫ ʜʦʚʛʽ 

ʜʦʢʫʤʝʥʪʠ ʥʝʦʙʭʽʜʥʦ ʨʦʟʙʠʚʘʪʠ ʥʘ ʤʝʥʰʽ ʬʨʘʛʤʝʥʪʠ (ʯʘʥʢʠ). ʋ ʨʦʙʦʪʽ 

ʜʦʩʣʽʜʞʝʥʦ ʪʨʠ ʬʫʥʜʘʤʝʥʪʘʣʴʥʽ ʩʪʨʘʪʝʛʽʾ: 

1. ʉʝʛʤʝʥʪʘʮʽʷ ʬʽʢʩʦʚʘʥʦʛʦ ʨʦʟʤʽʨʫ (Fixed-size chunking) ð ʪʝʢʩʪ 

ʤʝʭʘʥʽʯʥʦ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ʦʜʥʘʢʦʚʽ ʙʣʦʢʠ (ʥʘʧʨʠʢʣʘʜ, ʧʦ 500 ʩʠʤʚʦʣʽʚ) 

ʽʟ ʥʝʚʝʣʠʢʠʤ ʧʝʨʝʢʨʠʪʪʷʤ ʢʨʘʾʚ, ʱʦʙ ʥʝ ʚʪʨʘʪʠʪʠ ʟʤʽʩʪʦʚʠʡ ʟʚ'ʷʟʦʢ ʤʽʞ 

ʬʨʘʛʤʝʥʪʘʤʠ. 
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2. ʉʝʛʤʝʥʪʘʮʽʷ ʥʘ ʨʽʚʥʽ ʨʝʯʝʥʴ (Sentence-level chunking) ð ʪʝʢʩʪ ʜʽʣʠʪʴʩʷ 

ʣʦʛʽʯʥʦ, ʪʦʙʪʦ ʮʽʣʠʤʠ ʨʝʯʝʥʥʷʤʠ (ʚʽʜ ʢʨʘʧʢʠ ʜʦ ʢʨʘʧʢʠ). ʇʨʦʛʨʘʤʘ ʙʝʨʝ 

ʧʦʚʥʦʮʽʥʥʽ ʨʝʯʝʥʥʷ ʽ ʩʢʣʝʶʻ ʾʭ ʨʘʟʦʤ, ʧʦʢʠ ʥʝ ʟʘʧʦʚʥʠʪʴ ʙʣʦʢ ʜʦ 

ʧʦʪʨʽʙʥʦʛʦ ʨʦʟʤʽʨʫ. 

3. ʉʝʤʘʥʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ (Semantic chunking) ð ʜʠʥʘʤʽʯʥʝ ʨʦʟʙʠʪʪʷ 

ʪʝʢʩʪʫ ʚ ʤʽʩʮʷʭ, ʜʝ ʟʤʽʥʶʻʪʴʩʷ ʪʝʤʘ. ɸʣʛʦʨʠʪʤ ʧʦʨʽʚʥʶʻ ʩʫʩʽʜʥʽ 

ʨʝʯʝʥʥʷ, ʦʙʯʠʩʣʶʶʯʠ ʢʦʩʠʥʫʩʥʫ ʚʽʜʩʪʘʥʴ ʤʽʞ ʾʭʥʽʤʠ ʚʝʢʪʦʨʘʤʠ ʟʘ 

ʬʦʨʤʫʣʦʶ: ÓÉÍÉÌÁÒÉÔÙὺȟὺ
ẗ

ᴁ ᴁᴁ ᴁ
. ʗʢʱʦ ʮʷ ʚʽʜʩʪʘʥʴ ʧʝʨʝʚʠʱʫʻ 

ʟʘʜʘʥʠʡ ʧʦʨʽʛ, ʘʣʛʦʨʠʪʤ ʨʦʟʜʽʣʷʻ ʪʝʢʩʪ ʥʘ ʮʴʦʤʫ ʤʽʩʮʽ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʪʘ ʽʥʩʪʨʫʤʝʥʪʘʨʽʡ ʩʠʩʪʝʤʠ 

ɼʣʷ ʧʨʦʚʝʜʝʥʥʷ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ 

ʧʨʦʛʨʘʤʥʫ ʩʠʩʪʝʤʫ ʥʘ ʤʦʚʽ Python. ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ ʦʧʪʠʤʽʟʦʚʘʥʘ ʜʣʷ 

ʧʦʚʥʽʩʪʶ ʣʦʢʘʣʴʥʦʛʦ ʚʠʢʦʥʘʥʥʷ (ʙʝʟ ʚʠʢʦʨʠʩʪʘʥʥʷ ʭʤʘʨʥʠʭ API) ʥʘ 

ʘʧʘʨʘʪʥʦʤʫ ʟʘʙʝʟʧʝʯʝʥʥʽ ʟ ʦʙʤʝʞʝʥʠʤ ʦʙʩʷʛʦʤ ʦʧʝʨʘʪʠʚʥʦʾ ʧʘʤ'ʷʪʽ. 
ʂʦʥʪʫʨ ʽʥʜʝʢʩʘʮʽʾ ʜʘʥʠʭ ʟʜʽʡʩʥʶʻ ʟʘʚʘʥʪʘʞʝʥʥʷ ʩʪʘʪʝʡ ʟ Wikipedia API, 

ʧʘʨʘʣʝʣʴʥʝ ʨʦʟʙʠʪʪʷ ʪʝʢʩʪʫ ʪʨʴʦʤʘ ʜʦʩʣʽʜʞʫʚʘʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʬʨʝʡʤʚʦʨʢʫ LangChain, ʚʝʢʪʦʨʠʟʘʮʽʶ ʬʨʘʛʤʝʥʪʽʚ ʦʧʪʠʤʽʟʦʚʘʥʦʶ 

ʤʦʜʝʣʣʶ paraphrase-multilingual-MiniLM -L12-v2 ʪʘ ʾʭ ʟʙʝʨʝʞʝʥʥʷ ʫ ʪʨʴʦʭ 

ʽʟʦʣʴʦʚʘʥʠʭ ʢʦʣʝʢʮʽʷʭ ʚʝʢʪʦʨʥʦʾ ʙʘʟʠ Qdrant. ʂʦʥʪʫʨ ʚʠʢʦʥʘʥʥʷ ʟʘʧʠʪʽʚ 

ʟʜʽʡʩʥʶʻ ʚʝʢʪʦʨʠʟʘʮʽʶ ʟʘʧʠʪʫ ʢʦʨʠʩʪʫʚʘʯʘ, ʧʦʰʫʢ ʥʘʡʙʣʠʞʯʠʭ ʩʫʩʽʜʽʚ ʪʘ 

ʧʝʨʝʜʘʯʫ ʟʥʘʡʜʝʥʦʛʦ ʢʦʥʪʝʢʩʪʫ ʜʦ ʣʦʢʘʣʴʥʦʾ ʛʝʥʝʨʘʪʠʚʥʦʾ ʤʦʜʝʣʽ Qwen 2.5 3B 

ʯʝʨʝʟ ʩʝʨʚʝʨ Ollama. 
ʄʝʪʦʜʦʣʦʛʽʷ ʝʢʩʧʝʨʠʤʝʥʪʫ 

ɽʢʩʧʝʨʠʤʝʥʪ ʧʨʦʚʦʜʠʚʩʷ ʥʘ ʜʘʪʘʩʝʪʽ ʫʢʨʘʾʥʩʴʢʦʤʦʚʥʠʭ ʪʝʢʩʪʽʚ ʫ ʛʘʣʫʟʽ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ ʪʘ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʟʘʛʘʣʴʥʠʤ ʦʙʩʷʛʦʤ ʙʣʠʟʴʢʦ 400 

000 ʩʠʤʚʦʣʽʚ. ɼʣʷ ʘʣʛʦʨʠʪʤʽʚ Fixed-size ʪʘ Sentence-level ʮʽʣʴʦʚʠʡ ʨʦʟʤʽʨ 
ʬʨʘʛʤʝʥʪʘ ʙʫʚ ʚʩʪʘʥʦʚʣʝʥʠʡ ʥʘ ʨʽʚʥʽ 500 ʩʠʤʚʦʣʽʚ (ʟ ʧʝʨʝʢʨʠʪʪʷʤ 50 ʩʠʤʚʦʣʽʚ 

ʜʣʷ Fixed-size). ɼʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʛʝʥʝʨʘʮʽʾ ʙʫʣʦ ʩʬʦʨʤʦʚʘʥʦ 5 ʪʝʩʪʦʚʠʭ 

ʟʘʧʠʪʘʥʴ (Q1ïQ5), ʱʦ ʦʭʦʧʣʶʚʘʣʠ ʷʢ ʧʦʰʫʢ ʢʦʥʢʨʝʪʥʠʭ ʬʘʢʪʽʚ, ʪʘʢ ʽ ʟʘʧʠʪʠ 

ʥʘ ʫʟʘʛʘʣʴʥʝʥʥʷ. ʆʮʽʥʶʚʘʥʥʷ ʟʜʽʡʩʥʶʚʘʣʦʩʷ ʝʢʩʧʝʨʪʥʠʤ ʰʣʷʭʦʤ ʟʘ 5-ʙʘʣʴʥʦʶ 

ʰʢʘʣʦʶ, ʜʝ 5 ð ʽʜʝʘʣʴʥʘ ʧʦʚʥʘ ʚʽʜʧʦʚʽʜʴ, ʘ 1 ð ʥʝʨʝʣʝʚʘʥʪʥʘ ʚʽʜʧʦʚʽʜʴ ʘʙʦ 

ʚʽʜʤʦʚʘ ʩʠʩʪʝʤʠ. 

ʈʝʟʫʣʴʪʘʪʠ 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʣʴʥʘ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘ ʩʪʨʘʪʝʛʽʡ ʩʝʛʤʝʥʪʘʮʽʾ 

ʇʦʢʘʟʥʠʢ Fixed-size Sentence-level Semantic 

ʂʽʣʴʢʽʩʪʴ 

ʬʨʘʛʤʝʥʪʽʚ 

1528 965 3667 

ʉʝʨʝʜʥʽʡ ʨʦʟʤʽʨ 

(ʩʠʤʚʦʣʽʚ) 

321 614 129 

ʏʘʩ ʽʥʜʝʢʩʘʮʽʾ 31.6 17.4 63.8 
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(ʩʝʢʫʥʜ) 

ʉʝʨʝʜʥʷ ʦʮʽʥʢʘ 

ʷʢʦʩʪʽ (1-5) 

3.40 3.40 3.00 

ɸʥʘʣʽʟ ʩʪʘʪʠʩʪʠʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ ʧʨʦʮʝʩʫ ʩʝʛʤʝʥʪʘʮʽʾ ʚʠʷʚʠʚ ʩʫʪʪʻʚʽ 

ʨʦʟʙʽʞʥʦʩʪʽ ʤʽʞ ʘʣʛʦʨʠʪʤʘʤʠ. ɿʦʢʨʝʤʘ, ʩʪʨʘʪʝʛʽʷ ʩʝʤʘʥʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ 

ʧʨʠʟʚʝʣʘ ʜʦ ʟʥʘʯʥʦʾ ʧʝʨʝʬʨʘʛʤʝʥʪʘʮʽʾ ʪʝʢʩʪʫ. ʉʝʨʝʜʥʽʡ ʨʦʟʤʽʨ ʯʘʥʢʫ ʩʢʣʘʚ 
ʣʠʰʝ 129 ʩʠʤʚʦʣʽʚ, ʫʪʚʦʨʠʚʰʠ 3667 ʦʢʨʝʤʠʭ ʬʨʘʛʤʝʥʪʽʚ. ʎʝ ʧʦʷʩʥʶʻʪʴʩʷ 

ʚʠʩʦʢʦʶ ʯʫʪʣʠʚʽʩʪʶ ʘʣʛʦʨʠʪʤʫ ʜʦ ʥʘʡʤʝʥʰʠʭ ʩʝʤʘʥʪʠʯʥʠʭ ʟʩʫʚʽʚ ʫ ʪʝʢʩʪʽ. 

ʉʪʨʘʪʝʛʽʷ ʥʘ ʨʽʚʥʽ ʨʝʯʝʥʴ ʧʦʢʘʟʘʣʘ ʥʘʡʚʠʱʠʡ ʩʝʨʝʜʥʽʡ ʨʦʟʤʽʨ ʬʨʘʛʤʝʥʪʘ (614 

ʩʠʤʚʦʣʽʚ) ʽ ʥʘʡʤʝʥʰʫ ʾʭ ʢʽʣʴʢʽʩʪʴ (965). 

ʈʠʩ. 1. ʏʘʩ ʽʥʜʝʢʩʘʮʽʾ ʟʘ ʩʪʨʘʪʝʛʽʻʶ chunking (ʩʝʢʫʥʜʠ) 

ʏʘʩ ʚʠʢʦʥʘʥʥʷ ʤʝʪʦʜʽʚ ʩʫʪʪʻʚʦ ʚʽʜʨʽʟʥʷʻʪʴʩʷ (ʈʠʩ. 1). ʅʘʡʰʚʠʜʰʦʶ 

ʚʠʷʚʠʣʘʩʴ ʩʪʨʘʪʝʛʽʷ Sentence-level (17.4 ʩ). ʅʘʪʦʤʽʩʪʴ Semantic chunking 

ʧʨʘʮʶʻ ʫ 3.6 ʨʘʟʘ ʜʦʚʰʝ (63.8 ʩ) ʯʝʨʝʟ ʧʦʪʨʝʙʫ ʧʦʜʚʽʡʥʦʾ ʚʝʢʪʦʨʠʟʘʮʽʾ ʪʝʢʩʪʫ. 

ʑʦʜʦ ʷʢʦʩʪʽ ʚʽʜʧʦʚʽʜʝʡ, Fixed-size ʪʘ Sentence-level ʦʪʨʠʤʘʣʠ 

ʦʜʥʘʢʦʚʠʡ ʙʘʣ (3.40 ʟ 5), ʧʨʦʪʝ ʧʝʨʰʘ ʢʨʘʱʘ ʜʣʷ ʧʦʰʫʢʫ ʢʦʥʢʨʝʪʥʠʭ ʬʘʢʪʽʚ, ʘ 
ʜʨʫʛʘ ð ʜʣʷ ʨʦʟʛʦʨʥʫʪʠʭ ʚʽʜʧʦʚʽʜʝʡ. ʄʝʪʦʜ Semantic ʧʦʢʘʟʘʚ ʥʘʡʛʽʨʰʠʡ 

ʨʝʟʫʣʴʪʘʪ (3.00), ʦʩʢʽʣʴʢʠ ʯʝʨʝʟ ʥʘʜʤʽʨʥʫ ʬʨʘʛʤʝʥʪʘʮʽʶ ʤʦʚʥʽʡ ʤʦʜʝʣʽ ʧʨʦʩʪʦ 

ʙʨʘʢʫʚʘʣʦ ʢʦʥʪʝʢʩʪʫ. 

ɺʠʩʥʦʚʢʠ 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʜʦʚʦʜʠʪʴ, ʱʦ ʚʠʙʽʨ ʩʪʨʘʪʝʛʽʾ ʩʝʛʤʝʥʪʘʮʽʾ ʪʝʢʩʪʫ 

ʤʘʻ ʚʠʨʽʰʘʣʴʥʠʡ ʚʧʣʠʚ ʥʘ ʰʚʠʜʢʦʜʽʶ ʪʘ ʷʢʽʩʪʴ ʣʦʢʘʣʴʥʠʭ RAG-ʩʠʩʪʝʤ. ɺ 
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ʫʤʦʚʘʭ ʦʙʤʝʞʝʥʠʭ ʨʝʩʫʨʩʽʚ ʦʧʪʠʤʘʣʴʥʠʤ ʙʘʟʦʚʠʤ ʨʽʰʝʥʥʷʤ ʻ ʩʪʨʘʪʝʛʽʷ 

ʩʝʛʤʝʥʪʘʮʽʾ ʥʘ ʨʽʚʥʽ ʨʝʯʝʥʴ (Sentence-level chunking). ɺʦʥʘ ʧʦʻʜʥʫʻ ʥʘʡʥʠʞʯʫ 

ʨʝʩʫʨʩʦʻʤʥʽʩʪʴ, ʚʠʩʦʢʫ ʰʚʠʜʢʽʩʪʴ ʽʥʜʝʢʩʘʮʽʾ ʪʘ ʟʙʝʨʝʞʝʥʥʷ ʛʨʘʤʘʪʠʯʥʦʾ ʡ 

ʩʠʥʪʘʢʩʠʯʥʦʾ ʮʽʣʽʩʥʦʩʪʽ ʪʝʢʩʪʫ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʩʪʘʙʽʣʴʥʫ ʷʢʽʩʪʴ ʛʝʥʝʨʘʮʽʾ. 

ʉʝʤʘʥʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ, ʥʝʟʚʘʞʘʶʯʠ ʥʘ ʪʝʦʨʝʪʠʯʥʫ ʧʨʠʚʘʙʣʠʚʽʩʪʴ, ʚʠʤʘʛʘʻ 

ʟʥʘʯʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʧʦʪʫʞʥʦʩʪʝʡ ʪʘ ʨʝʪʝʣʴʥʦʛʦ ʥʘʣʘʰʪʫʚʘʥʥʷ 

ʘʣʛʦʨʠʪʤʫ, ʱʦʙ ʪʝʢʩʪ ʥʝ ʨʦʟʙʠʚʘʚʩʷ ʥʘ ʟʘʥʘʜʪʦ ʜʨʽʙʥʽ ʰʤʘʪʢʠ, ʷʢʽ ʚʪʨʘʯʘʶʪʴ 

ʢʦʥʪʝʢʩʪ. 
ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Reimers N. Sentence-BERT: Sentence Embeddings using Siamese BERT-

Networks / N. Reimers, I. Gurevych // Proceedings of the 2019 Conference 

on Empirical Methods in Natural Language Processing.ï 2019.ï ʉ. 3982-

3992. 

2. Lewis P. Retrieval-Augmented Generation for Knowledge-Intensive NLP 

Tasks / P. Lewis, E. Perez, A. Piktus // Advances in Neural Information 

Processing Systems.ï 2020.ï ʊʦʤ. 33.ï ʉ. 9459-9474. 

3. Malkov Y. A. Efficient and robust approximate nearest neighbor search 

using Hierarchical Navigable Small World graphs / Y. A. Malkov, D. A. 

Yashunin // IEEE transactions on pattern analysis and machine 

intelligence.ï 2018.ï ʊʦʤ. 42.ï ˉ 4.ï ʉ. 824-836. 
4. Gao Y. Retrieval-Augmented Generation for Large Language Models: A 

Survey / Y. Gao, Y. Xiong, X. Gao // arXiv preprint arXiv:2312.10997.ï 

2024.ï ʉ. 1-20. 

 

ʇʆʈɯɺʅʗʅʅʗ ʉʋʏɸʉʅʀʍ ʄɽʊʆɼɯɺ ɿɯʉʊɸɺʃɽʅʅʗ ɿʆɹʈɸɾɽʅʔ 

ɼʃʗ ɿɸɼɸʏ ɺɯɿʋɸʃʔʅʆɰ ʃʆʂɸʃɯɿɸʎɯɰ ɹʧʃɸ 

ɸʥʜʨʽʡ ʗʮʫʣʷʢ  

ʃʴʚiʚʩʴʢʠʡ ʥʘʮiʦʥʘʣʴʥʠʡ ʫʥiʚʝʨʩʠʪʝʪ iʤʝʥi Iʚʘʥʘ ʌʨʘʥʢʘ  

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ iʥʬʦʨʤʘʪʠʢʠ  

andrii.yatsuliak@lnu.edu.ua  

ɺʩʪʫʧ  

ʆʜʥʽʻʶ ʟ ʢʣʶʯʦʚʠʭ ʟʘʜʘʯ ʫ ʨʦʙʦʪʽ ʙʝʟʧʽʣʦʪʥʠʭ ʣʽʪʘʣʴʥʠʭ ʘʧʘʨʘʪʽʚ 

(ɹʇʃɸ) ʻ ʚʠʟʥʘʯʝʥʥʷ ʾʭʥʴʦʛʦ ʧʦʣʦʞʝʥʥʷ ʚ ʧʨʦʩʪʦʨʽ. ɿʘʟʚʠʯʘʡ ʜʣʷ ʮʴʦʛʦ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ GPS, ʦʜʥʘʢ ʫ ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ ʩʠʛʥʘʣ ʤʦʞʝ ʙʫʪʠ ʚʽʜʩʫʪʥʽʤ 

ʘʙʦ ʥʝʩʪʘʙʽʣʴʥʠʤ. ʋ ʪʘʢʠʭ ʚʠʧʘʜʢʘʭ ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʧʽʜʭʦʜʦʤ ʻ ʚʽʟʫʘʣʴʥʘ 

ʣʦʢʘʣʽʟʘʮʽʷ, ʷʢʘ ʙʘʟʫʻʪʴʩʷ ʥʘ ʧʦʨʽʚʥʷʥʥʽ ʟʦʙʨʘʞʝʥʴ ʟ ʢʘʤʝʨʠ ɹʇʃɸ ʽʟ 

ʟʘʟʜʘʣʝʛʽʜʴ ʧʽʜʛʦʪʦʚʣʝʥʦʶ ʢʘʨʪʦʶ ʤʽʩʮʝʚʦʩʪʽ. 

ʆʩʥʦʚʥʦʶ ʟʘʜʘʯʝʶ ʧʨʠ ʮʴʦʤʫ ʻ ʚʩʪʘʥʦʚʣʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʤʽʞ 

ʟʦʙʨʘʞʝʥʥʷʤʠ, ʱʦ ʫʩʢʣʘʜʥʶʻʪʴʩʷ ʚʽʜʤʽʥʥʦʩʪʷʤʠ ʫ ʤʘʩʰʪʘʙʽ, ʨʘʢʫʨʩʽ ʪʘ 

mailto:andrii.yatsuliak@lnu.edu.ua
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ʦʩʚʽʪʣʝʥʥʽ. ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʜʚʘ ʩʫʯʘʩʥʽ ʧʽʜʭʦʜʠ ʜʦ ʟʽʩʪʘʚʣʝʥʥʷ 

ʟʦʙʨʘʞʝʥʴ ð LightGlue ʪʘ LoFTR. 

ɿʘʛʘʣʴʥi ʧʨʠʥʮʠʧʠ  

ʆʙʠʜʚʘ ʨʦʟʛʣʷʥʫʪʽ ʧʽʜʭʦʜʠ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʘʨʭʽʪʝʢʪʫʨʫ Transformer 

[5], ʦʩʥʦʚʦʶ ʷʢʦʾ ʻ ʤʝʭʘʥʽʟʤ ʫʚʘʛʠ.ʋ ʨʝʟʫʣʴʪʘʪʽ ʢʦʞʝʥ ʝʣʝʤʝʥʪ (ʢʣʶʯʦʚʘ ʪʦʯʢʘ 

ʘʙʦ ʦʙʣʘʩʪʴ ʟʦʙʨʘʞʝʥʥʷ) ʚʨʘʭʦʚʫʻ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʚʩʽ ʽʥʰʽ ʝʣʝʤʝʥʪʠ. 

ɿʦʢʨʝʤʘ, ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʚʘ ʪʠʧʠ ʫʚʘʛʠ:  

Å self-attention ð ʜʘʻ ʟʤʦʛʫ ʝʣʝʤʝʥʪʘʤ ʦʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʚʟʘʻʤʦʜiʷʪʠ 

ʤiʞ ʩʦʙʦʶ ʪʘ ʚʨʘʭʦʚʫʚʘʪʠ ʛʣʦʙʘʣʴʥʠʡ ʢʦʥʪʝʢʩʪ ʩʮʝʥʠ;  

Å cross-attention ð ʟʘʙʝʟʧʝʯʫʻ ʚʟʘʻʤʦʜʽʶ ʤʽʞ ʜʚʦʤʘ ʟʦʙʨʘʞʝʥʥʷʤʠ ʜʣʷ 

ʟʥʘʭʦʜʞʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʤʽʞ ʥʠʤʠ.  

ʌʦʨʤʘʣʴʥʦ ʤʝʭʘʥiʟʤ ʫʚʘʛʠ ʦʧʠʩʫʻʪʴʩʷ ʷʢ:  

                     (1) 

ʎʝ ʟʘʙʝʟʧʝʯʫʻ ʚʨʘʭʫʚʘʥʥʷ ʛʣʦʙʘʣʴʥʠʭ ʟʘʣʝʞʥʦʩʪʝʡ ʫ ʟʦʙʨʘʞʝʥʥʽ, ʱʦ ʻ 

ʦʩʦʙʣʠʚʦ ʚʘʞʣʠʚʠʤ ʫ ʟʘʜʘʯʘʭ ʚʽʟʫʘʣʴʥʦʾ ʣʦʢʘʣʽʟʘʮʽʾ.  

ʄʝʪʦʜ LightGlue  

LightGlue ð ʮʝ ʥʝʡʨʦʤʝʨʝʞʝʚʘ ʤʦʜʝʣʴ ʜʣʷ ʟʽʩʪʘʚʣʝʥʥʷ ʣʦʢʘʣʴʥʠʭ 

ʦʟʥʘʢ, ʷʢʘ ʧʨʘʮʶʻ ʟ ʤʥʦʞʠʥʘʤʠ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ ʪʘ ʾʭ ʜʝʩʢʨʠʧʪʦʨʽʚ [2]. 

ʂʣʶʯʦʚʽ ʪʦʯʢʠ ʟʘʟʚʠʯʘʡ ʦʪʨʠʤʫʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʝʪʦʜʽʚ ʥʘ ʢʰʪʘʣʪ 

SuperPoint, SIFT ʘʙʦ DISK [3,4].  

ʂʦʞʥʘ ʪʦʯʢʘ ʦʧʠʩʫʻʪʴʩʷ ʷʢ:  

           (2) 

ʜʝ  ð ʢʦʦʨʜʠʥʘʪʠ, ð ʜʝʩʢʨʠʧʪʦʨ.  

ʄʦʜʝʣʴ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʰʘʨʽʚ Transformer, ʷʢʽ ʜʦʟʚʦʣʷʶʪʴ ʥʝ 

ʣʠʰʝ ʚʩʪʘʥʦʚʣʶʚʘʪʠ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʤʽʞ ʪʦʯʢʘʤʠ, ʘ ʡ ʫʪʦʯʥʶʚʘʪʠ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʦʟʥʘʢ  ʟʘ ʨʘʭʫʥʦʢ ʛʣʦʙʘʣʴʥʦʛʦ ʢʦʥʪʝʢʩʪʫ.  

ʇʦʜiʙʥiʩʪʴ ʤiʞ ʪʦʯʢʘʤʠ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ:  

         (3)  

ʘ ʪʘʢʦʞ ʚʚʦʜʠʪʴʩʷ ʦʮiʥʢʘ ʥʘʷʚʥʦʩʪʽ ʚʽʜʧʦʚʽʜʥʦʩʪʽ:  

                                     (4)  
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ʎʷ ʚʝʣʠʯʠʥʘ ʚʽʜʦʙʨʘʞʘʻ ʡʤʦʚʽʨʥʽʩʪʴ ʪʦʛʦ, ʱʦ ʪʦʯʢʘ ʤʘʻ ʢʦʨʝʢʪʥʫ 

ʚʽʜʧʦʚʽʜʥʽʩʪʴ, ʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʚʽʜʩʽʶʚʘʥʥʷ ʥʝʨʝʣʝʚʘʥʪʥʠʭ ʪʦʯʦʢ 

(ʥʘʧʨʠʢʣʘʜ, ʫ ʪʝʢʩʪʫʨʥʦ ʙʽʜʥʠʭ ʘʙʦ ʜʠʥʘʤʽʯʥʠʭ ʦʙʣʘʩʪʷʭ). 

ʌiʥʘʣʴʥʘ ʡʤʦʚiʨʥiʩʪʴ ʚiʜʧʦʚiʜʥʦʩʪi:  

                       (5)  

ʂʣʶʯʦʚʦʶ ʦʩʦʙʣʠʚʽʩʪʶ LightGlue ʻ ʘʜʘʧʪʠʚʥʽʩʪʴ ʦʙʯʠʩʣʝʥʴ. ʄʦʜʝʣʴ ʦʮʽʥʶʻ 

ʚʧʝʚʥʝʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ ʥʘ ʢʦʞʥʦʤʫ ʰʘʨʽ ʪʘ ʤʦʞʝ ʟʘʚʝʨʰʠʪʠ ʦʙʯʠʩʣʝʥʥʷ 

ʨʘʥʽʰʝ, ʷʢʱʦ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʚʞʝ ʩʪʘʙʽʣʴʥʽ. ʂʨʽʤ ʪʦʛʦ, ʪʦʯʢʠ ʟ ʥʠʟʴʢʦʶ 

ʡʤʦʚʽʨʥʽʩʪʶ ʥʘʷʚʥʦʩʪʽ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʚʽʜʩʽʢʘʶʪʴʩʷ ʥʘ ʨʘʥʥʽʭ ʝʪʘʧʘʭ, ʱʦ 

ʟʤʝʥʰʫʻ ʢʽʣʴʢʽʩʪʴ ʦʙʯʠʩʣʝʥʴ. 

ɿʘʚʜʷʢʠ ʮʴʦʤʫ LightGlue ʟʘʙʝʟʧʝʯʫʻ ʭʦʨʦʰʝ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷ ʤʽʞ 

ʪʦʯʥʽʩʪʶ ʪʘ ʰʚʠʜʢʽʩʪʶ, ʱʦ ʻ ʚʘʞʣʠʚʠʤ ʜʣʷ ʟʘʜʘʯ ʨʝʘʣʴʥʦʛʦ ʯʘʩʫ.  

ʄʝʪʦʜ LoFTR  

LoFTR ʻ ʤʝʪʦʜʦʤ ʙʝʟ ʧʦʧʝʨʝʜʥʴʦʛʦ ʚʠʜʽʣʝʥʥʷ ʢʣʶʯʦʚʠʭ ʪʦʯʦʢ, ʷʢʠʡ 

ʧʨʘʮʶʻ ʟʽ ʱʽʣʴʥʠʤʠ ʢʘʨʪʘʤʠ ʦʟʥʘʢ [1,6,7]. ɿʦʙʨʘʞʝʥʥʷ ʧʨʦʧʫʩʢʘʶʪʴʩʷ ʯʝʨʝʟ 

CNN (ʥʘʧʨʠʢʣʘʜ, ResNet ʘʙʦ FPN), ʱʦ ʬʦʨʤʫʻ ʢʘʨʪʠ ʦʟʥʘʢ:  

                              (6)  

ɿʽʩʪʘʚʣʝʥʥʷ ʚʠʢʦʥʫʻʪʴʩʷ ʫ ʜʚʘ ʝʪʘʧʠ: ʛʨʫʙʝ ʟʥʘʭʦʜʞʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʪʘ 

ʾʭ ʧʦʜʘʣʴʰʝ ʫʪʦʯʥʝʥʥʷ.  

ʇʦʜiʙʥiʩʪʴ ʤiʞ ʦʙʣʘʩʪʷʤʠ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ:  

            (7)  

ʘ ʚiʜʧʦʚiʜʥʦʩʪi ʦʙʯʠʩʣʶʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ dual-softmax:  

           (8)  

ʇiʩʣʷ ʮʴʦʛʦ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʧʦʨiʛ ʚʧʝʚʥʝʥʦʩʪi:  

            (9)  

ʅʘ ʜʨʫʛʦʤʫ ʝʪʘʧi ʚiʜʧʦʚiʜʥʦʩʪi ʫʪʦʯʥʶʶʪʴʩʷ ʣʦʢʘʣʴʥʦ:  

                    (10)  

LoFTR ʜʦʙʨʝ ʧʨʘʮʶʻ ʫ ʩʣʘʙʢʦ ʪʝʢʩʪʫʨʦʚʘʥʠʭ ʦʙʣʘʩʪʷʭ ʟʘʚʜʷʢʠ 

ʚʠʢʦʨʠʩʪʘʥʥʶ ʱʽʣʴʥʠʭ ʦʟʥʘʢ ʪʘ ʛʣʦʙʘʣʴʥʦʛʦ ʢʦʥʪʝʢʩʪʫ.  

ʇʦʨiʚʥʷʥʥʷ ʤʝʪʦʜiʚ 
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ɼʣʷ ʦʮʽʥʢʠ ʝʬʝʢʪʠʚʥʦʩʪʽ ʤʝʪʦʜʽʚ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʝʢʩʧʝʨʠʤʝʥʪ ʽʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʦʙʨʘʞʝʥʴ, ʦʪʨʠʤʘʥʠʭ ʟ ʚʽʜʝʦ ɹʧʃɸ, ʪʘ ʦʨʪʦʬʦʪʦʧʣʘʥʫ 

ʤʽʩʮʝʚʦʩʪʽ. ʂʘʨʪʘ ʙʫʣʘ ʧʦʧʝʨʝʜʥʴʦ ʨʦʟʙʠʪʘ ʥʘ ʧʝʨʝʢʨʠʚʥʽ ʬʨʘʛʤʝʥʪʠ, ʧʽʩʣʷ 

ʯʦʛʦ ʜʣʷ ʢʦʞʥʦʛʦ ʢʘʜʨʫ ʚʠʢʦʥʫʚʘʣʦʩʷ ʟʽʩʪʘʚʣʝʥʥʷ ʟ ʚʽʜʧʦʚʽʜʥʠʤʠ 

ʬʨʘʛʤʝʥʪʘʤʠ ʢʘʨʪʠ.  

ʇʨʦʮʝʩ ʟʽʩʪʘʚʣʝʥʥʷ ʚʢʣʶʯʘʚ ʧʦʧʝʨʝʜʥʶ ʦʙʨʦʙʢʫ ʟʦʙʨʘʞʝʥʴ, ʚʠʪʷʛʫʚʘʥʥʷ 

ʦʟʥʘʢ, ʧʦʙʫʜʦʚʫ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʪʘ ʾʭ ʛʝʦʤʝʪʨʠʯʥʫ ʧʝʨʝʚʽʨʢʫ ʟʘ ʜʦʧʦʤʦʛʦʶ 

RANSAC. 

ɽʢʩʧʝʨʠʤʝʥʪʠ ʧʨʦʚʦʜʠʣʠʩʷ ʥʘ ʜʝʢʽʣʴʢʦʭ ʧʘʨʘʭ ʟʦʙʨʘʞʝʥʴ ñʢʘʜʨ ï 

ʬʨʘʛʤʝʥʪ ʢʘʨʪʠò. ɼʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠʩʷ ʪʘʢʽ ʤʝʪʨʠʢʠ: 

Å ʯʘʩ ʚʠʢʦʥʘʥʥʷ ʟʽʩʪʘʚʣʝʥʥʷ; 

Å ʢʽʣʴʢʽʩʪʴ ʟʥʘʡʜʝʥʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ; 

Å ʢʽʣʴʢʽʩʪʴ ʢʦʨʝʢʪʥʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ; 

Å ʯʘʩʪʢʘ ʢʦʨʝʢʪʥʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ. 

ʈʝʟʫʣʴʪʘʪʠ ʦʜʥʦʛʦ ʟ ʝʢʩʧʝʨʠʤʝʥʪiʚ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣʠʮi:  

ʊʘʙʣ. 1. ʇʦʨiʚʥʷʥʥʷ ʷʢʦʩʪi ʤʝʪʦʜiʚ  

 

ɼʣʷ ʥʘʦʯʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʥʘ ʨʠʩ. 1 ʥʘʚʝʜʝʥʦ ʧʨʠʢʣʘʜ 

ʟiʩʪʘʚʣʝʥʥʷ ʪʦʯʦʢ ʤiʞ ʟʦʙʨʘʞʝʥʥʷʤʠ.  

 
(a) LoFTR 
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(ʙ) LightGlue  

ʈʠʩ. 1. ʇʦʨiʚʥʷʥʥʷ ʨʝʟʫʣʴʪʘʪiʚ ʟiʩʪʘʚʣʝʥʥʷ ʜʣʷ ʦʜʥiʻʾ ʧʘʨʠ ʟʦʙʨʘʞʝʥʴ 

ʨiʟʥʠʤʠ ʤʝʪʦʜʘʤʠ  

LightGlue ʜʝʤʦʥʩʪʨʫʻ ʚʠʱʫ ʯʘʩʪʢʫ ʢʦʨʝʢʪʥʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʪʘ 

ʝʬʝʢʪʠʚʥʽʰʝ ʚʽʜʢʠʜʘʻ  ʧʦʤʠʣʢʦʚʽ ʟʽʩʪʘʚʣʝʥʥʷ. ɺʦʜʥʦʯʘʩ LoFTR ʟʘʙʝʟʧʝʯʫʻ 

ʙʽʣʴʰʫ ʢʽʣʴʢʽʩʪʴ ʧʦʯʘʪʢʦʚʠʭ ʚʽʜʧʦʚʽʜʥʦʩʪʝʡ ʽ ʢʨʘʱʝ ʧʨʘʮʶʻ ʫ ʩʣʘʙʢʦ 

ʪʝʢʩʪʫʨʦʚʘʥʠʭ ʦʙʣʘʩʪʷʭ. 

ɺʠʩʥʦʚʢʠ  

ʇʨʦʚʝʜʝʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʦʢʘʟʘʣʠ, ʱʦ ʦʙʠʜʚʘ ʤʝʪʦʜʠ ʤʦʞʫʪʴ 

ʝʬʝʢʪʠʚʥʦ ʟʘʩʪʦʩʦʚʫʚʘʪʠʩʷ ʜʣʷ ʟʘʜʘʯ ʚʽʟʫʘʣʴʥʦʾ ʣʦʢʘʣʽʟʘʮʽʾ ɹʇʃɸ. LightGlue 

ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʪʦʯʥʽʩʪʴ ʪʘ ʩʪʘʙʽʣʴʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ, ʪʦʜʽ ʷʢ LoFTR ʢʨʘʱʝ 

ʧʨʘʮʶʻ ʫ ʩʢʣʘʜʥʠʭ ʫʤʦʚʘʭ ʪʘ ʩʣʘʙʢʦ ʪʝʢʩʪʫʨʦʚʘʥʠʭ ʦʙʣʘʩʪʷʭ. 

ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʩʚʽʜʯʘʪʴ ʧʨʦ ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ 

ʩʫʯʘʩʥʠʭ ʤʝʪʦʜʽʚ ʟʽʩʪʘʚʣʝʥʥʷ ʟʦʙʨʘʞʝʥʴ ʫ ʟʘʜʘʯʘʭ ʣʦʢʘʣʽʟʘʮʽʾ ɹʇʃɸ ʙʝʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷ GPS. 
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ɸʅɸʃɯɿ ʊɸ ʇʆʈɯɺʅʗʅʅʗ ʈʀʅʂʋ ʇʈɸʎɯ ɿ ɺʀʂʆʈʀʉʊɸʅʅʗʄ 

ʄʆɼɽʃɽʁ ʇʈʆɻʅʆɿʋɺɸʅʅʗ ɿɸʈʆɹɯʊʅʆɰ ʇʃɸʊʀ 

ʆʣʝʥʘ ɹʘʣʘʤʫʪ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ, 

ʬʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 
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ʅʘʫʢʦʚʠʡ ʢʝʨʽʚʥʠʢ: ʗʨʦʰʢʦ ʉʚʽʪʣʘʥʘ ʄʠʭʘʡʣʽʚʥʘ 

ɺʩʪʫʧ. ɸʢʪʫʘʣʴʥʽʩʪʴ ʜʦʩʣʽʜʞʝʥʥʷ 

ʈʠʥʦʢ ʧʨʘʮʽ ʻ ʢʣʶʯʦʚʦʶ ʩʢʣʘʜʦʚʦʶ ʩʦʮʽʘʣʴʥʦ-ʝʢʦʥʦʤʽʯʥʦʾ ʩʠʩʪʝʤʠ 

ʜʝʨʞʘʚʠ, ʦʩʢʽʣʴʢʠ ʚʽʜʦʙʨʘʞʘʻ ʧʨʦʮʝʩʠ ʨʦʟʧʦʜʽʣʫ ʪʨʫʜʦʚʠʭ ʨʝʩʫʨʩʽʚ, ʨʽʚʝʥʴ 

ʟʘʡʥʷʪʦʩʪʽ ʪʘ ʬʦʨʤʫʚʘʥʥʷ ʜʦʭʦʜʽʚ. ɺ ʫʤʦʚʘʭ ʛʣʦʙʘʣʽʟʘʮʽʾ ʪʘ ʮʠʬʨʦʚʽʟʘʮʽʾ 

ʝʢʦʥʦʤʽʢʠ ʟʨʦʩʪʘʻ ʧʦʪʨʝʙʘ ʫ ˇʨʫʥʪʦʚʥʦʤʫ ʘʥʘʣʽʟʽ ʨʠʥʢʫ ʧʨʘʮʽ ʥʘ ʦʩʥʦʚʽ 

ʢʽʣʴʢʽʩʥʠʭ ʧʦʢʘʟʥʠʢʽʚ. ʆʩʦʙʣʠʚʫ ʨʦʣʴ ʚʽʜʽʛʨʘʶʪʴ ʧʦʢʘʟʥʠʢʠ ʟʘʨʦʙʽʪʥʦʾ ʧʣʘʪʠ, 

ʷʢʽ ʻ ʚʘʞʣʠʚʠʤ ʽʥʜʠʢʘʪʦʨʦʤ ʨʽʚʥʷ ʞʠʪʪʷ ʥʘʩʝʣʝʥʥʷ ʪʘ ʝʢʦʥʦʤʽʯʥʦʛʦ ʨʦʟʚʠʪʢʫ 

ʢʨʘʾʥ [1]. 

ʅʘʷʚʥʽʩʪʴ ʟʥʘʯʥʠʭ ʦʙʩʷʛʽʚ ʚʽʜʢʨʠʪʠʭ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ ʤʽʞʥʘʨʦʜʥʠʭ 

ʦʨʛʘʥʽʟʘʮʽʡ ʩʪʚʦʨʶʻ ʤʦʞʣʠʚʦʩʪʽ ʜʣʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʘʥʘʣʽʟʫ ʨʠʥʢʫ ʧʨʘʮʽ [2, 3], 

ʧʨʦʪʝ ʝʬʝʢʪʠʚʥʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʠʭ ʜʘʥʠʭ ʧʦʪʨʝʙʫʻ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʬʦʨʤʘʣʽʟʦʚʘʥʠʭ ʤʘʪʝʤʘʪʠʯʥʠʭ ʤʦʜʝʣʝʡ. ʆʜʥʠʤ ʽʟ ʧʦʰʠʨʝʥʠʭ ʧʽʜʭʦʜʽʚ ʻ 

ʨʝʛʨʝʩʽʡʥʠʡ ʘʥʘʣʽʟ ʪʘ ʤʦʜʝʣʽ ʯʘʩʦʚʠʭ ʨʷʜʽʚ, ʷʢʽ ʜʘʶʪʴ ʟʤʦʛʫ ʢʽʣʴʢʽʩʥʦ ʦʮʽʥʠʪʠ 

ʟʘʣʝʞʥʽʩʪʴ ʤʽʞ ʧʦʢʘʟʥʠʢʘʤʠ ʪʘ ʬʦʨʤʫʚʘʪʠ ʧʨʦʛʥʦʟʥʽ ʦʮʽʥʢʠ. 

https://www.geeksforgeeks.org/computer-vision/local-feature-matching-with-transformers-loftr/
https://www.geeksforgeeks.org/computer-vision/local-feature-matching-with-transformers-loftr/
https://medium.com/@nikolaskallweit_83151/understanding-loftr-matching-image-features-without-descriptors-875d2d1780d4
https://medium.com/@nikolaskallweit_83151/understanding-loftr-matching-image-features-without-descriptors-875d2d1780d4
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ʄʝʪʦʶ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʧʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʨʠʥʢʽʚ ʧʨʘʮʽ ʅʽʤʝʯʯʠʥʠ, 

ʇʦʣʴʱʽ ʪʘ ʇɸʈ ʥʘ ʦʩʥʦʚʽ ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʘʥʠʭ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʤʝʪʦʜʽʚ 

ʨʝʛʨʝʩʽʡʥʦʛʦ ʘʥʘʣʽʟʫ ʪʘ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʯʘʩʦʚʠʭ ʨʷʜʽʚ. 

ɯʥʬʦʨʤʘʮʽʡʥʘ ʙʘʟʘ ʪʘ ʚʠʢʦʨʠʩʪʘʥʽ ʤʦʜʝʣʽ 

ʋ ʜʦʩʣʽʜʞʝʥʥʽ ʚʠʢʦʨʠʩʪʘʥʦ ʤʦʜʝʣʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ: ʣʽʥʽʡʥʫ 

ʨʝʛʨʝʩʽʶ (ʧʘʨʥʫ ʪʘ ʤʥʦʞʠʥʥʫ) ʜʣʷ ʦʮʽʥʢʠ ʝʣʘʩʪʠʯʥʦʩʪʝʡ, ʘ ʪʘʢʦʞ ʤʦʜʝʣʴ 

ARIMA ʜʣʷ ʧʨʦʛʥʦʟʫʚʘʥʥʷ, ʧʦʙʫʜʦʚʘ ʷʢʦʾ ʙʘʟʫʻʪʴʩʷ ʥʘ ʪʝʦʨʽʾ ʯʘʩʦʚʠʭ ʨʷʜʽʚ 

(ʤʝʪʦʜʦʣʦʛʽʷ ɹʦʢʩʘ-ɼʞʝʥʢʽʥʩʘ). ɯʥʬʦʨʤʘʮʽʡʥʦʶ ʙʘʟʦʶ ʩʣʫʛʫʚʘʣʠ ʩʪʘʪʠʩʪʠʯʥʽ 

ʜʘʥʽ OECD, ILOSTAT ʪʘ ʉʚʽʪʦʚʦʛʦ ʙʘʥʢʫ ʟʘ 2000ï2024 ʨʨ. ʆʙʨʘʥʦ ʪʨʠ ʢʨʘʾʥʠ 

ʟ ʨʽʟʥʠʤʠ ʝʢʦʥʦʤʽʯʥʠʤʠ ʤʦʜʝʣʷʤʠ: ʅʽʤʝʯʯʠʥʫ (ʩʪʘʙʽʣʴʥʘ ʨʦʟʚʠʥʝʥʘ 

ʝʢʦʥʦʤʽʢʘ), ʇʦʣʴʱʫ (ʜʠʥʘʤʽʯʥʘ ʧʝʨʝʭʽʜʥʘ ʝʢʦʥʦʤʽʢʘ) ʪʘ ʇɸʈ (ʨʠʥʦʢ, ʱʦ 

ʨʦʟʚʠʚʘʻʪʴʩʷ, ʟ ʚʠʩʦʢʦʶ ʚʦʣʘʪʠʣʴʥʽʩʪʶ). 

ʆʜʥʦʬʘʢʪʦʨʥʠʡ ʨʝʛʨʝʩʽʡʥʠʡ ʘʥʘʣʽʟ 

ʇʨʦʚʝʜʝʥʦ ʘʥʘʣʽʟ ʟʘʣʝʞʥʦʩʪʽ ʩʝʨʝʜʥʴʦʾ ʨʽʯʥʦʾ ʟʘʨʦʙʽʪʥʦʾ ʧʣʘʪʠ (ὣ) ʚʽʜ 

ʟʘʛʘʣʴʥʦʛʦ ʨʽʚʥʷ ʟʘʡʥʷʪʦʩʪʽ (ὢ). ɼʘʥʽ ʧʨʠʚʝʜʝʥʦ ʜʦ USD PPP ʫ ʧʦʩʪʽʡʥʠʭ 

ʮʽʥʘʭ 2024 ʨʦʢʫ. ʆʪʨʠʤʘʥʦ ʤʦʜʝʣʽ: 

˚̨̘̘̍̆̉̎́ȡώ ρψωψρȟυωẗὼȟ ‐ρ 

˜̝̏̌́̚ȡώ σσςχττȟςωẗὼȟ ‐ς 

˜ˍ˝ȡώ ρχςςπςχυȟσσẗὼ ‐σ 

ɼʣʷ ʅʽʤʝʯʯʠʥʠ ʦʪʨʠʤʘʥʦ ὶ πȟωτφ, Ὑ πȟψωτ, ʜʣʷ ʇʦʣʴʱʽ ð ὶ

πȟωρσ, Ὑ πȟψστ (ʨʠʩ. 1). ʂʦʝʬʽʮʽʻʥʪ ‍ ρȟυω ʜʣʷ ʅʽʤʝʯʯʠʥʠ ʦʟʥʘʯʘʻ, ʱʦ 

ʧʨʠ ʟʨʦʩʪʘʥʥʽ ʟʘʡʥʷʪʦʩʪʽ ʥʘ 1 ʪʠʩ. ʦʩʽʙ ʟʘʨʧʣʘʪʘ ʟʨʦʩʪʘʻ ʥʘ 1,59 USD. ɺʠʱʘ 

ʯʫʪʣʠʚʽʩʪʴ ʫ ʇʦʣʴʱʽ (‍ τȟςω) ʚʽʜʦʙʨʘʞʘʻ ʧʨʦʮʝʩʠ ʢʦʥʚʝʨʛʝʥʮʽʾ ʜʦ 

ʩʪʘʥʜʘʨʪʽʚ ɭʉ. 
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ʈʠʩ. 1. ʂʦʨʝʣʷʮʽʡʥʝ ʧʦʣʝ ʪʘ ʣʽʥʽʡʥʘ ʘʧʨʦʢʩʠʤʘʥʪʘ ʜʣʷ ʅʽʤʝʯʯʠʥʠ 

(ʣʽʚʦʨʫʯ) ʪʘ ʇʦʣʴʱʽ (ʧʨʘʚʦʨʫʯ) 

ɼʣʷ ʇɸʈ ʚʠʷʚʣʝʥʦ ʘʥʦʤʘʣʴʥʠʡ ʟʚʦʨʦʪʥʠʡ ʟʚôʷʟʦʢ: Ὑ πȟςψ, ‍

ςχυȟσσ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʩʪʨʫʢʪʫʨʥʽ ʜʝʬʦʨʤʘʮʽʾ ʨʠʥʢʫ ʧʨʘʮʽ, ʜʝ ʟʨʦʩʪʘʥʥʷ 

ʟʘʡʥʷʪʦʩʪʽ ʚʽʜʙʫʚʘʻʪʴʩʷ ʧʝʨʝʚʘʞʥʦ ʫ ʥʠʟʴʢʦʧʨʦʜʫʢʪʠʚʥʠʭ ʩʝʢʪʦʨʘʭ. 

ɹʘʛʘʪʦʬʘʢʪʦʨʥʝ ʤʦʜʝʣʶʚʘʥʥʷ 

ɼʣʷ ʧʽʜʚʠʱʝʥʥʷ ʧʦʷʩʥʶʚʘʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ ʜʦ ʤʦʜʝʣʝʡ ʜʦʜʘʥʦ ʦʙʩʷʛ ɺɺʇ 

(ὢ) ʪʘ ʽʥʜʝʢʩ ʩʧʦʞʠʚʯʠʭ ʮʽʥ (ὢ). ɿʘʛʘʣʴʥʘ ʩʧʝʮʠʬʽʢʘʮʽʷ: 

ώ ‍ ‍ὼȟ ‍ὼȟ ‍ὼȟ ‐τ 

ɼʚʦʬʘʢʪʦʨʥʽ ʤʦʜʝʣʽ ʟ ʦʙʯʠʩʣʝʥʠʤʠ ʢʦʝʬʽʮʽʻʥʪʘʤʠ: 

˚̨̘̘̍̆̉̎́ȡώ ρςτυφπȟωψẗὼȟ πȟπρςẗὼȟ υ 

˜̝̏̌́̚ȡώ ςψωππσȟρυẗὼȟ πȟππψẗὼȟ φ 

˜ˍ˝ȡώ ρωυππσρπȟυπẗὼ πȟππςẗὼȟ χ 

ɼʠʥʘʤʽʢʘ ʷʢʦʩʪʽ ʤʦʜʝʣʝʡ ʥʘʚʝʜʝʥʘ ʚ ʪʘʙʣ. 1. ʂʦʤʙʽʥʦʚʘʥʠʡ ʚʧʣʠʚ ʪʨʴʦʭ 

ʬʘʢʪʦʨʽʚ ʧʦʷʩʥʶʻ ʧʦʥʘʜ 92% ʚʘʨʽʘʮʽʾ ʟʘʨʧʣʘʪʠ ʚ ʦʙʦʭ ʻʚʨʦʧʝʡʩʴʢʠʭ ʢʨʘʾʥʘʭ. 

ɼʣʷ ʇʦʣʴʱʽ ʪʨʠʬʘʢʪʦʨʥʘ ʤʦʜʝʣʴ ʜʦʩʷʛʣʘ Ὑ πȟωσψ, ʫʩʧʽʰʥʦ ʘʜʘʧʪʫʚʘʚʰʠʩʴ 

ʜʦ ʨʽʟʢʠʭ ʢʦʣʠʚʘʥʴ 2020ï2024 ʨʦʢʽʚ. 
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ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʷʢʦʩʪʽ ʨʝʛʨʝʩʽʡʥʠʭ ʤʦʜʝʣʝʡ 

ʄʦʜʝʣʴ ʅʽʤʝʯʯʠʥʘ (╡ ) ʇʦʣʴʱʘ (╡ ) 

ʆʜʥʦʬʘʢʪʦʨʥʘ (ʟʘʡʥʷʪʽʩʪʴ) 0,894 0,834 

ɼʚʦʬʘʢʪʦʨʥʘ (ʟʘʡʥʷʪʽʩʪʴ + ɺɺʇ) 0,912 0,891 

ʊʨʠʬʘʢʪʦʨʥʘ (+ CPI) 0,925 0,938 

ʇʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʤʦʜʝʣʽ ARIMA ʜʣʷ ʇɸʈ 

ɼʣʷ ʇɸʈ ʧʦʙʫʜʦʚʘʥʦ ʤʦʜʝʣʴ ARIMA(1,1,1) ʜʣʷ ʨʷʜʫ ɺɺʇ ʥʘ ʜʫʰʫ 

ʥʘʩʝʣʝʥʥʷ. ʅʘ ʦʩʥʦʚʽ ʘʥʘʣʽʟʫ ACF/PACF (ʨʠʩ. 2) ʪʘ ʪʝʩʪʫ ADF ʽʜʝʥʪʠʬʽʢʦʚʘʥʦ 

ʧʘʨʘʤʝʪʨʠ ʤʦʜʝʣʽ. ʄʘʪʝʤʘʪʠʯʥʘ ʩʧʝʮʠʬʽʢʘʮʽʷ: 

‰ ὄ  

ʜʝ ï ʦʧʝʨʘʪʦʨ ʧʝʨʰʦʾ ʨʽʟʥʠʮʽ, ‰ ὄ  ð ʧʦʣʽʥʦʤ AR(1), — ὄ  ï ʧʦʣʽʥʦʤ MA(1). 

 
ʈʠʩ. 2. ʂʦʨʝʣʦʛʨʘʤʠ ACF ʪʘ PACF ʜʣʷ ʯʘʩʦʚʦʛʦ ʨʷʜʫ ɺɺʇ ʇɸʈ 

ɸʥʘʣʽʟ ʟʘʣʠʰʢʽʚ (ʨʠʩ. 3) ʧʽʜʪʚʝʨʜʞʫʻ ʘʜʝʢʚʘʪʥʽʩʪʴ ʤʦʜʝʣʽ: ʚʽʜʩʫʪʥʽ 

ʩʠʩʪʝʤʥʽ ʟʤʽʱʝʥʥʷ, ʭʦʯʘ ʥʘ ʢʨʘʷʭ ʨʦʟʧʦʜʽʣʫ ʩʧʦʩʪʝʨʽʛʘʶʪʴʩʷ ʚʽʜʭʠʣʝʥʥʷ, 

ʪʠʧʦʚʽ ʜʣʷ ʝʢʦʥʦʤʽʢ ʽʟ ʚʠʩʦʢʦʶ ʚʦʣʘʪʠʣʴʥʽʩʪʶ. ʂʦʨʝʣʷʮʽʷ ʤʽʞ ʟʘʡʥʷʪʽʩʪʶ ʪʘ 

ɺɺʇ ʇɸʈ ʩʪʘʥʦʚʠʪʴ πȟυσ, ʤʘʢʩʠʤʘʣʴʥʠʡ ɺɺʇ ʟʘʬʽʢʩʦʚʘʥʦ ʫ 2011 ʨʦʮʽ 

(8646,06 USD). 
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ʈʠʩ. 3. ɸʥʘʣʽʟ ʟʘʣʠʰʢʽʚ ʨʝʛʨʝʩʽʡʥʦʾ ʤʦʜʝʣʽ ʇɸʈ 

ɿʛʽʜʥʦ ʟ ʨʦʟʨʘʭʫʥʢʘʤʠ, ʪʦʯʢʦʚʠʡ ʧʨʦʛʥʦʟ ʥʘ 2027 ʨʽʢ ʩʪʘʥʦʚʠʪʴ 6272,54 

USD. ʇʨʦʪʝ ʩʫʪʪʻʚʝ ʨʦʟʰʠʨʝʥʥʷ ʜʦʚʽʨʯʦʛʦ ʽʥʪʝʨʚʘʣʫ ʩʚʽʜʯʠʪʴ ʧʨʦ ʚʠʩʦʢʠʡ 

ʨʽʚʝʥʴ ʥʝʚʠʟʥʘʯʝʥʦʩʪʽ ʪʘ ʟʥʘʯʥʽ ʧʨʦʛʥʦʟʥʽ ʨʠʟʠʢʠ, ʭʘʨʘʢʪʝʨʥʽ ʜʣʷ ʥʝʩʪʘʙʽʣʴʥʠʭ 

ʝʢʦʥʦʤʽʯʥʠʭ ʩʠʩʪʝʤ. ʆʪʨʠʤʘʥʽ ʜʘʥʽ ʧʽʜʪʚʝʨʜʞʫʶʪʴ ʩʪʘʥ ʝʢʦʥʦʤʽʯʥʦʾ ʩʪʘʛʥʘʮʽʾ 

ʚ ʇɸʈ, ʱʦ ʢʦʥʪʨʘʩʪʫʻ ʟʽ ʩʪʽʡʢʠʤ ʚʠʩʭʽʜʥʠʤ ʪʨʝʥʜʦʤ ʻʚʨʦʧʝʡʩʴʢʠʭ ʢʨʘʾʥ. 

ɺʠʩʥʦʚʢʠ 

ɿʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʚʠʢʦʥʘʥʠʭ ʜʦʩʣʽʜʞʝʥʴ ʤʦʞʥʘ ʩʪʚʝʨʜʞʫʚʘʪʠ ʥʘʩʪʫʧʥʝ: 

1. ʄʝʪʦʜʦʣʦʛʽʷ: ʂʦʤʙʽʥʘʮʽʷ ʣʽʥʽʡʥʦʾ ʨʝʛʨʝʩʽʾ ʪʘ ʤʦʜʝʣʝʡ ARIMA ʜʦʟʚʦʣʠʣʘ 

ʝʬʝʢʪʠʚʥʦ ʦʮʽʥʠʪʠ ʨʠʥʢʠ ʨʽʟʥʦʾ ʩʪʘʙʽʣʴʥʦʩʪʽ.  

2. ɼʣʷ ʅʽʤʝʯʯʠʥʠ ʭʘʨʘʢʪʝʨʥʘ ʧʦʤʽʨʥʘ ʩʪʘʙʽʣʴʥʘ ʝʣʘʩʪʠʯʥʽʩʪʴ (‍ ρȟυω), ʜʣʷ 

ʇʦʣʴʱʽ ð ʚʠʩʦʢʘ (‍ τȟςω), ʱʦ ʧʽʜʪʚʝʨʜʞʫʻ ʽʥʪʝʥʩʠʚʥʫ ʢʦʥʚʝʨʛʝʥʮʽʶ ʜʦ 

ʩʪʘʥʜʘʨʪʽʚ ɭʉ. ʋ ʇɸʈ ʚʠʷʚʣʝʥʦ ʘʥʦʤʘʣʴʥʫ ʟʚʦʨʦʪʥʫ ʢʦʨʝʣʷʮʽʶ (πȟυσ) ʪʘ 

ʥʠʟʴʢʫ ʜʝʪʝʨʤʽʥʘʮʽʶ (Ὑ πȟςψ). 

3. ʊʨʠʬʘʢʪʦʨʥʽ ʤʦʜʝʣʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʚʠʩʦʢʫ ʷʢʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ: Ὑ

πȟωςυ ʜʣʷ ʅʽʤʝʯʯʠʥʠ ʪʘ Ὑ πȟωσψ ʜʣʷ ʇʦʣʴʱʽ. ʄʦʜʝʣʴ ARIMA(1,1,1) ʜʣʷ 

ʇɸʈ ʜʘʻ ʧʨʦʛʥʦʟ 6272,54 USD ʥʘ 2027 ʨʽʢ, ʧʽʜʪʚʝʨʜʞʫʶʯʠ ʝʢʦʥʦʤʽʯʥʫ 

ʩʪʘʛʥʘʮʽʶ. 

4. ʆʪʨʠʤʘʥʽ ʤʦʜʝʣʽ ʤʦʞʫʪʴ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠʩʷ ʜʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʨʠʥʢʫ ʧʨʘʮʽ 

ʪʘ ʧʽʜʪʨʠʤʢʠ ʫʧʨʘʚʣʽʥʩʴʢʠʭ ʨʽʰʝʥʴ. ʈʦʟʨʘʭʫʥʢʠ ʚʠʢʦʥʘʥʦ ʚ Python. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. ɹʘʟʠʣʝʚʠʯ ɺ. ɼ., ɹʘʣʘʩʪʨʠʢ ʃ. ʆ. ɽʢʦʥʦʤʽʢʘ ʧʨʘʮʽ ʪʘ ʩʦʮʽʘʣʴʥʦ-ʪʨʫʜʦʚʽ ʚʽʜʥʦʩʠʥʠ: 

ʧʽʜʨʫʯʥʠʢ. ʂʠʾʚ : ɿʥʘʥʥʷ, 2008. 405 ʩ. 

2. ILOSTAT. Average hourly earnings of employees [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. URL: 

https://rshiny.ilo.org/dataexplorer84. 

https://rshiny.ilo.org/dataexplorer84
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3. OECD (2026). Average annual wages. OECD Data Explorer [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. 

URL: https://data-explorer.oecd.org/. 

 

ʂʆʄʇʃɽʂʉʅʀʁ ɺɯɿʋɸʃʔʅʀʁ ɸʅɸʃɯɿ ʇʆʊʆʂʋ ɿɺɽʈʅɽʅʔ 

ɻʈʆʄɸɼʗʅ ʅɸ ɻɸʈʗʏʋ ʃɯʅɯʖ ʄɯʉʊɸ ʃʔɺʆɺɸ (2018-2025 ʈʈ.) 

ɺʽʣʴʭʘ ʆʣʝʥʘ 

ʅʘʫʢʦʚʠʡ ʢʝʨʽʚʥʠʢ: ʗʨʦʰʢʦ ʉ. ʄ. 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

vilhaolena2@gmail.com 

ʋ ʨʝʘʣʽʷʭ ʩʫʯʘʩʥʦʩʪʽ ʚʜʘʣʝ ʦʧʨʘʮʶʚʘʥʥʷ ʜʘʥʠʭ ï ʟʘʧʦʨʫʢʘ ʧʨʠʡʥʷʪʪʷ 

ʦʙˇʨʫʥʪʦʚʘʥʠʭ ʨʽʰʝʥʴ, ʝʬʝʢʪʠʚʥʦʛʦ ʫʧʨʘʚʣʽʥʥʷ ʪʘ ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ ʤʽʩʪʘ. 

ʈʦʙʦʪʘ ʟʽ ʟʚʝʨʥʝʥʥʷʤʠ ʛʨʦʤʘʜʷʥ ï ʥʝʚʽʜô̒ ʤʥʘ ʯʘʩʪʠʥʘ ʬʫʥʢʮʽʦʥʫʚʘʥʥʷ ʦʨʛʘʥʽʚ 

ʤʽʩʮʝʚʦʛʦ ʩʘʤʦʚʨʷʜʫʚʘʥʥʷ. ɺʦʥʠ ʻ ʚʘʞʣʠʚʠʤ ʜʞʝʨʝʣʦʤ ʽʥʬʦʨʤʘʮʽʾ ʜʣʷ 

ʚʠʨʽʰʝʥʥʷ ʧʦʪʦʯʥʠʭ ʧʨʦʙʣʝʤ ʤʽʩʪʘ.  

ʄʝʪʦʶ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʣʦ ʧʨʦʚʝʜʝʥʥʷ ʢʦʤʧʣʝʢʩʥʦʛʦ ʘʥʘʣʽʟʫ ʧʦʪʦʢʫ 

ʟʚʝʨʥʝʥʴ ʛʨʦʤʘʜʷʥ ʜʦ ɻʘʨʷʯʦʾ ʣʽʥʽʾ ʤʽʩʪʘ ʃʴʚʦʚʘ ʚʧʨʦʜʦʚʞ 2018ï2024 ʨʦʢʽʚ ʜʣʷ 

ʚʠʷʚʣʝʥʥʷ ʜʠʥʘʤʽʢʠ, ʛʝʦʛʨʘʬʽʯʥʦʛʦ ʨʦʟʧʦʜʽʣʫ, ʪʠʧʽʚ ʟʚʝʨʥʝʥʴ, ʘ ʪʘʢʦʞ 

ʚʠʟʥʘʯʝʥʥʷ ʧʦʢʘʟʥʠʢʽʚ, ʢʦʨʠʩʥʠʭ ʜʣʷ ʨʽʟʥʠʭ ʢʘʪʝʛʦʨʽʡ ʢʦʨʠʩʪʫʚʘʯʽʚ ï ʤʽʩʴʢʦʾ 

ʨʘʜʠ, ʦʧʝʨʘʪʦʨʽʚ ɻʘʨʷʯʦʾ ʣʽʥʽʾ, ʢʦʤʫʥʘʣʴʥʠʭ ʧʽʜʧʨʠʻʤʩʪʚ ʽ ʤʝʰʢʘʥʮʽʚ ʤʽʩʪʘ. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʮʽʻʾ ʤʝʪʠ ʟʘʩʪʦʩʦʚʘʥʦ ʟʘʛʘʣʴʥʦʧʨʠʡʥʷʪʽ ʤʝʪʦʜʠʢʠ 

ʩʪʘʪʠʩʪʠʯʥʠʭ ʜʦʩʣʽʜʞʝʥʴ, ʟʦʢʨʝʤʘ ʚʽʟʫʘʣʽʟʘʮʽʶ ʫ ʚʠʛʣʷʜʽ ʨʽʟʥʦʤʘʥʽʪʥʠʭ 

ʛʨʘʬʽʢʽʚ ʪʘ ʜʽʘʛʨʘʤ. 

ɼʣʷ ʦʙʨʦʙʢʠ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʤʦʚʫ ʧʨʦʛʨʘʤʫʚʘʥʥʷ 

Python ʪʘ ʽʥʩʪʨʫʤʝʥʪ ʙʽʟʥʝʩ-ʘʥʘʣʽʪʠʢʠ Power BI. ɺʽʥ ʤʽʩʪʠʪʴ ʟʨʫʯʥʽ ʧʨʦʛʨʘʤʥʽ 

ʟʘʩʦʙʠ ʜʣʷ ʧʦʙʫʜʦʚʠ ʽʥʪʝʨʘʢʪʠʚʥʠʭ ʽʥʬʦʨʤʘʮʽʡʥʠʭ ʧʘʥʝʣʝʡ (ʜʘʰʙʦʨʜʽʚ), ʱʦ 

ʜʦʟʚʦʣʷʶʪʴ ʢʦʨʠʩʪʫʚʘʯʘʤ ʚʽʜʩʪʝʞʠʪʠ ʜʠʥʘʤʽʢʫ ʟʚʝʨʥʝʥʴ ʟʘ ʤʽʩʷʮʷʤʠ, ʨʦʢʘʤʠ, 

ʪʠʧʘʤʠ ʡ ʢʘʪʝʛʦʨʽʷʤʠ ʟʚʝʨʥʝʥʴ, ʨʘʡʦʥʘʤʠ, ʜʥʷʤʠ ʪʠʞʥʷ, ʛʦʜʠʥʘʤʠ ʪʘ 

https://data-explorer.oecd.org/
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ʤʽʩʮʝʚʽʩʪʶ; ʜʘʻ ʟʤʦʛʫ ʦʙʨʦʙʣʷʪʠ ʚʝʣʠʢʽ ʦʙʩʷʛʠ ʜʘʥʠʭ, ʨʝʘʣʽʟʦʚʫʚʘʪʠ 

ʩʪʘʪʠʩʪʠʯʥʠʡ ʘʥʘʣʽʟ ʪʘ ʚʽʟʫʘʣʽʟʫʚʘʪʠ ʨʝʟʫʣʴʪʘʪʠ. 

ʇʝʨʚʠʥʥʽ ʜʘʥʽ, ʱʦ ʥʘʜʭʦʜʷʪʴ ʥʘ ɻʘʨʷʯʫ ʣʽʥʽʶ ʤʽʩʪʘ, ʭʘʨʘʢʪʝʨʠʟʫʶʪʴʩʷ 

ʥʘʷʚʥʽʩʪʶ ʧʨʦʧʫʱʝʥʠʭ ʟʥʘʯʝʥʴ ʟʘ ʦʢʨʝʤʠʤʠ ʘʪʨʠʙʫʪʘʤʠ, ʜʫʙʣʶʚʘʥʥʷʤ 

ʟʘʧʠʩʽʚ, ʨʽʟʥʠʤʠ ʬʦʨʤʘʪʘʤʠ ʧʦʜʘʥʥʷ ʜʘʪʠ ʡ ʯʘʩʫ, ʘ ʪʘʢʦʞ ʥʝʫʟʛʦʜʞʝʥʽʩʪʶ ʫ 

ʥʘʧʠʩʘʥʥʽ ʢʘʪʝʛʦʨʽʡ ʟʚʝʨʥʝʥʴ. ɿ ʦʛʣʷʜʫ ʥʘ ʮʝ ʙʫʣʘ ʟʜʽʡʩʥʝʥʘ ʧʦʧʝʨʝʜʥʷ 

ʦʙʨʦʙʢʘ, ʟʘ ʨʝʟʫʣʴʪʘʪʘʤʠ ʷʢʦʾ ʪʘʙʣʠʮʽ ʜʘʥʠʭ ʥʘʙʫʣʠ ʫʥʽʬʽʢʦʚʘʥʦʛʦ, ʟʨʫʯʥʦʛʦ 

ʜʣʷ ʚʠʙʦʨʫ ʦʢʨʝʤʠʭ ʘʪʨʠʙʫʪʽʚ ʚʠʛʣʷʜʫ.  

ʇʨʦʘʥʘʣʽʟʦʚʘʥʦ ʜʠʥʘʤʽʢʫ ʟʘʧʠʪʽʚ ʟʘ ʦʟʥʘʢʘʤʠ çʉʧʦʩʽʙ ʨʝʻʩʪʨʘʮʽʾ 

ʟʚʝʨʥʝʥʥʷè ʪʘ çɸʜʨʝʩʘʪ ʟʚʝʨʥʝʥʥʷè. ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʥʘ ʛʨʘʬʽʢʫ ʪʘ 

ʜʽʘʛʨʘʤʽ (ʨʠʩ.1). 

 

ʈʠʩ. 1. ɼʠʥʘʤʽʢʘ ʟʚʝʨʥʝʥʴ ʟʘ ʢʘʥʘʣʘʤʠ ʥʘʜʭʦʜʞʝʥʥʷ ʪʘ ʚʠʢʦʥʘʚʮʷʤʠ ʫ 2018ï

2024 ʨʦʢʘʭ 

ɸʥʘʣʽʟ ʢʘʥʘʣʽʚ ʟʚʝʨʥʝʥʴ ʟʘʩʚʽʜʯʠʚ ʧʦʩʪʫʧʦʚʠʡ ʧʝʨʝʭʽʜ ʚʽʜ ʪʨʘʜʠʮʽʡʥʠʭ 

(ʪʝʣʝʬʦʥʥʽ ʜʟʚʽʥʢʠ ï ʧʦʥʘʜ 46ï62% ʟʘʣʝʞʥʦ ʚʽʜ ʨʦʢʫ) ʜʦ ʮʠʬʨʦʚʠʭ ʢʘʥʘʣʽʚ: 

ʯʘʩʪʢʘ Telegram ʟʨʦʩʣʘ ʟ 0% ʫ 2020 ʨ. ʜʦ 5,43% ʫ 2024 ʨ., ʘ ʤʦʙʽʣʴʥʠʡ ʜʦʜʘʪʦʢ 

ʩʪʘʙʽʣʴʥʦ ʟʘʙʝʟʧʝʯʫʻ ʙʣʠʟʴʢʦ 10% ʟʚʝʨʥʝʥʴ. 
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ɼʠʥʘʤʽʢʘ ʟʘʧʠʪʽʚ ʫʧʨʦʜʦʚʞ 2018ï2024 ʨʦʢʽʚ ʦʭʦʧʣʶʻ ʪʨʠ ʭʘʨʘʢʪʝʨʥʽ 

ʧʽʚʧʝʨʽʦʜʠ: ʜʦʚʦʻʥʥʠʡ (2018ï2021) ʟ ʪʝʥʜʝʥʮʽʻʶ ʜʦ ʟʨʦʩʪʘʥʥʷ, ʚʦʻʥʥʠʡ 2022 

ʨʽʢ ʟ ʨʽʟʢʠʤ ʧʘʜʽʥʥʷʤ ʥʘ 30,59%, ʪʘ ʧʝʨʽʦʜ ʩʪʘʙʽʣʽʟʘʮʽʾ (2023ï2024) ʟ ʯʘʩʪʢʦʚʠʤ 

ʚʽʜʥʦʚʣʝʥʥʷʤ ʧʦʢʘʟʥʠʢʽʚ. 

ɸʥʘʣʽʟ ʩʝʟʦʥʥʦʾ ʜʠʥʘʤʽʢʠ ʚʠʷʚʠʚ ʩʪʽʡʢʽ ʟʘʢʦʥʦʤʽʨʥʦʩʪʽ: ʥʘʡʙʽʣʴʰʘ 

ʢʽʣʴʢʽʩʪʴ ʟʚʝʨʥʝʥʴ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʫ ʞʦʚʪʥʽ ʪʘ ʣʠʧʥʽ, ʥʘʡʤʝʥʰʘ ï ʫ ʩʽʯʥʽ ʪʘ 

ʪʨʘʚʥʽ. ʇʽʢʦʚʽ ʟʥʘʯʝʥʥʷ ʟʘ ʜʥʷʤʠ ʪʠʞʥʷ ʧʨʠʧʘʜʘʶʪʴ ʥʘ ʚʽʚʪʦʨʦʢ, ʩʝʨʝʜʫ ʪʘ 

ʯʝʪʚʝʨ, ʤʽʥʽʤʘʣʴʥʽ ï ʥʘ ʩʫʙʦʪʫ ʪʘ ʥʝʜʽʣʶ. ʇʨʦʪʷʛʦʤ ʜʦʙʠ ʤʘʢʩʠʤʫʤ ʘʢʪʠʚʥʦʩʪʽ 

ʬʽʢʩʫʻʪʴʩʷ ʤʽʞ 10:00 ʪʘ 12:00, ʤʽʥʽʤʫʤ ï ʫ ʥʽʯʥʽ ʛʦʜʠʥʠ (02:00ï05:00). 

ɻʝʦʛʨʘʬʽʯʥʠʡ ʨʦʟʧʦʜʽʣ ʧʽʜʪʚʝʨʜʠʚ, ʱʦ ʧʝʨʝʚʘʞʥʘ ʙʽʣʴʰʽʩʪʴ ʟʚʝʨʥʝʥʴ 

(ʧʦʥʘʜ 95%) ʥʘʜʭʦʜʠʪʴ ʟ ʤ. ʃʴʚʽʚ (ʨʠʩ. 2). ʇʦʯʠʥʘʶʯʠ ʟ 2022 ʨʦʢʫ ʟʘʬʽʢʩʦʚʘʥʦ 

ʟʨʦʩʪʘʥʥʷ ʯʘʩʪʢʠ ʟʚʝʨʥʝʥʴ ʽʟ ʃʴʚʽʚʩʴʢʦʾ ʦʙʣʘʩʪʽ (ʜʦ 4,65% ʫ 2024 ʨ.), ʱʦ 

ʧʦʚôʷʟʘʥʦ ʽʟ ʚʥʫʪʨʽʰʥʽʤ ʧʝʨʝʤʽʱʝʥʥʷʤ ʥʘʩʝʣʝʥʥʷ. 

 

ʈʠʩ. 2. ʂʘʨʪʘ ʛʝʦʛʨʘʬʽʯʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʟʚʝʨʥʝʥʴ ʛʨʦʤʘʜʷʥ 

ʅʘ ʨʠʩʫʥʢʫ 3 ʥʘʚʝʜʝʥʦ ʨʝʟʫʣʴʪʘʪʠ ʧʦʨʽʚʥʷʣʴʥʦʛʦ ʘʥʘʣʽʟʫ ʢʽʣʴʢʦʩʪʽ 

ʟʚʝʨʥʝʥʴ ʛʨʦʤʘʜʷʥ ʟʘ ʨʘʡʦʥʘʤʠ ʫ 2018ï2024 ʨʦʢʘʭ. ʋ ʨʝʟʫʣʴʪʘʪʽ ʚʩʪʘʥʦʚʣʝʥʦ, 

ʱʦ ʌʨʘʥʢʽʚʩʴʢʠʡ ʪʘ ʐʝʚʯʝʥʢʽʚʩʴʢʠʡ ʨʘʡʦʥʠ ʤʘʶʪʴ ʥʘʡʙʽʣʴʰʫ ʢʽʣʴʢʽʩʪʴ 
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ʟʚʝʨʥʝʥʴ ʫ ʙʽʣʴʰʦʩʪʽ ʨʦʢʽʚ (ʜʦ 30 ʪʠʩ.), ʱʦ ʧʦʚ'ʷʟʫʻʪʴʩʷ ʟ ʚʝʣʠʢʦʶ ʢʽʣʴʢʽʩʪʶ 

ʥʘʩʝʣʝʥʥʷ ʪʘ ʽʥʪʝʥʩʠʚʥʦʶ ʟʘʙʫʜʦʚʦʶ. ʅʘʡʤʝʥʰʘ ʢʽʣʴʢʽʩʪʴ ʟʚʝʨʥʝʥʴ 

ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʫ ɻʘʣʠʮʴʢʦʤʫ ʨʘʡʦʥʽ, ʷʢʠʡ ʻ ʥʘʡʤʝʥʰʠʤ ʟʘ ʧʣʦʱʝʶ ʪʘ 

ʨʦʟʪʘʰʦʚʘʥʠʡ ʫ ʮʝʥʪʨʽ ʤʽʩʪʘ. ɿʘʣʽʟʥʠʯʥʠʡ, ʃʠʯʘʢʽʚʩʴʢʠʡ ʪʘ ʉʠʭʽʚʩʴʢʠʡ 

ʨʘʡʦʥʠ ʤʘʶʪʴ ʧʦʜʽʙʥʫ ʩʪʨʫʢʪʫʨʫ ʟʚʝʨʥʝʥʴ ʧʨʦʪʷʛʦʤ ʜʦʩʣʽʜʞʫʚʘʥʦʛʦ ʧʝʨʽʦʜʫ. 

 
ʈʠʩ. 3. ʇʦʨʽʚʥʷʥʥʷ ʚʽʜʥʦʩʥʦʾ ʢʽʣʴʢʦʩʪʽ ʟʚʝʨʥʝʥʴ ʟʘ ʨʘʡʦʥʘʤʠ 

ɼʣʷ ʟʨʫʯʥʦʩʪʽ ʘʥʘʣʽʟʫ ʪʘ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʜʘʥʠʭ ʧʦʙʫʜʦʚʘʥʦ ʜʘʰʙʦʨʜ 

(ʨʠʩ. 4), ɦ ʦ ʜʘʻ ʟʤʦʛʫ ʘʥʘʣʽʟʫʚʘʪʠ ʨʽʟʥʽ ʢʘʪʝʛʦʨʽʾ ʟʚʝʨʥʝʥʴ ʪʘ ʪʠʧʠ ʧʦʚʽʜʦʤʣʝʥʴ, 

ʱʦ ʜʦ ʥʠʭ ʚʭʦʜʷʪʴ, ʫ ʨʦʟʨʽʟʽ ʤʽʩʷʮʽʚ, ʨʦʢʽʚ ʽ ʚʠʙʨʘʥʦʾ ʤʽʩʮʝʚʦʩʪʽ, 

ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʚʽʜʧʦʚʽʜʥʽ ʬʽʣʴʪʨʠ. 
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ʈʠʩ. 4. ɯʥʪʝʨʘʢʪʠʚʥʠʡ ʜʘʰʙʦʨʜ ʜʣʷ ʘʥʘʣʽʟʫ ʢʘʪʝʛʦʨʽʡ ʪʘ ʪʠʧʽʚ ʟʚʝʨʥʝʥʴ 

ɺʠʩʥʦʚʦʢ 

ʋ ʜʦʩʣʽʜʞʝʥʥʽ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʚʽʟʫʘʣʴʥʠʡ ʘʥʘʣʽʟ ʧʦʪʦʢʫ 

ʟʚʝʨʥʝʥʴ ʛʨʦʤʘʜʷʥ ʥʘ ɻʘʨʷʯʫ ʣʽʥʽʶ ʤʽʩʪʘ ʃʴʚʦʚʘ. ɼʣʷ ʦʙʨʦʙʢʠ ʪʘ ʘʥʘʣʽʟʫ ʜʘʥʠʭ 

ʚʠʢʦʨʠʩʪʘʥʦ ʩʫʯʘʩʥʽ ʽʥʬʦʨʤʘʮʽʡʥʽ ʪʝʭʥʦʣʦʛʽʾ, ʟʦʢʨʝʤʘ ʽʥʩʪʨʫʤʝʥʪ ʙʽʟʥʝʩ-

ʘʥʘʣʽʪʠʢʠ Power BI. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʻ ʚʘʞʣʠʚʠʤʠ ʜʣʷ ʨʽʟʥʠʭ ʛʨʫʧ 

ʢʦʨʠʩʪʫʚʘʯʽʚ, ʥʘʩʘʤʧʝʨʝʜ ʜʣʷ ʤʝʰʢʘʥʮʽʚ ʤʽʩʪʘ, ʩʪʨʫʢʪʫʨ ʫʧʨʘʚʣʽʥʥʷ ʤʽʩʪʦʤ, 

ʢʦʤʫʥʘʣʴʥʠʭ ʧʽʜʧʨʠʻʤʩʪʚ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 
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ɸɺʊʆʄɸʊʀʏʅɸ ʉɽɻʄɽʅʊɸʎɯʗ ʍʈɽɹʊɸ ʊɸ ɺʀɿʅɸʏɽʅʅʗ 

ʎɽʅʊʈʆɰɼɯɺ ʊɯʃ ʍʈɽɹʎɯɺ ʅɸ ʂʊ-ɿʆɹʈɸɾɽʅʅʗʍ 

ʃʶʙʦʤʠʨ ɹʦʮʴʢʽʚ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

lubomyrbotckiv@gmail.com 

1. ɺʉʊʋʇ 

ʂʦʤʧ'ʶʪʝʨʥʘ ʪʦʤʦʛʨʘʬʽʷ (ʂʊ) ʻ ʥʝʚʽʜ'ʻʤʥʦʶ ʯʘʩʪʠʥʦʶ ʩʫʯʘʩʥʦʾ 

ʤʝʜʠʯʥʦʾ ʜʽʘʛʥʦʩʪʠʢʠ. ɺ ʮʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʶʪʴʩʷ ʧʠʪʘʥʥʷ ʾʾ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʣʷ 

ʜʽʘʛʥʦʩʪʠʢʠ ʟʘʭʚʦʨʶʚʘʥʴ ʭʨʝʙʪʘ. ʆʜʥʠʤ ʟ ʚʘʞʣʠʚʠʭ ʟʘʚʜʘʥʴ ʫ ʧʨʦʮʝʩʽ ʘʥʘʣʽʟʫ 

ʂʊ-ʟʦʙʨʘʞʝʥʴ ʭʨʝʙʪʘ ʻ ʪʦʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʡʦʛʦ ʩʪʨʫʢʪʫʨ ʪʘ ʚʠʟʥʘʯʝʥʥʷ 

ʛʝʦʤʝʪʨʠʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ. 

ʈʫʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʭʨʝʙʪʘ ʻ ʯʘʩʦʻʤʥʦʶ ʪʘ ʟʘʣʝʞʠʪʴ ʚʽʜ ʜʦʩʚʽʜʫ 

ʨʘʜʽʦʣʦʛʘ. ʈʦʟʨʦʙʢʘ ʘʣʛʦʨʠʪʤʽʚ ʘʚʪʦʤʘʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ ʜʦʟʚʦʣʷʻ: 

¶ ʉʢʦʨʦʪʠʪʠ ʯʘʩ ʦʙʨʦʙʢʠ ʤʝʜʠʯʥʠʭ ʜʘʥʠʭ 

¶ ʇʽʜʚʠʱʠʪʠ ʦʙ'ʻʢʪʠʚʥʽʩʪʴ ʜʽʘʛʥʦʩʪʠʢʠ 

¶ ɿʘʙʝʟʧʝʯʠʪʠ ʢʦʥʩʠʩʪʝʥʪʥʽʩʪʴ ʨʝʟʫʣʴʪʘʪʽʚ 

¶ ʉʪʚʦʨʠʪʠ ʦʩʥʦʚʫ ʜʣʷ ʢʣʽʥʽʯʥʠʭ ʩʠʩʪʝʤ ʘʥʘʣʽʟʫ 

ʈʦʟʨʦʙʣʝʥʠʡ ʘʣʛʦʨʠʪʤ ʧʦʻʜʥʫʻ ʢʣʘʩʠʯʥʽ ʤʝʪʦʜʠ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ ʜʣʷ 

ʘʚʪʦʤʘʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ ʭʨʝʙʪʘ ʪʘ ʚʠʟʥʘʯʝʥʥʷ ʮʝʥʪʨʦʾʜʽʚ (ʮʝʥʪʨʽʚ ʤʘʩ) ʥʘ 

ʢʦʞʥʦʤʫ ʘʢʩʽʘʣʴʥʦʤʫ ʟʨʽʟʽ ʂʊ-ʪʦʤʦʛʨʘʬʽʾ. 

2. ʄɽʊʆɼʆʃʆɻɯʗ ʆɹʈʆɹʂʀ ʂʊ-ɿʆɹʈɸɾɽʅʔ 

2.1 ɺʠʙʽʨ ʙʽʙʣʽʦʪʝʢ ʪʘ ʪʝʭʥʦʣʦʛʽʯʥʦʛʦ ʩʪʝʢʘ 

ɸʣʛʦʨʠʪʤ ʨʦʟʨʦʙʣʝʥʠʡ ʥʘ Python ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʭ ʙʽʙʣʽʦʪʝʢ 

ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ: 

https://opendata.city-adm.lviv.ua/
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¶ SimpleITK (Insight Segmentation and Registration Toolkit)[3] ï ʦʙʨʘʥʘ ʜʣʷ 

ʯʠʪʘʥʥʷ DICOM-ʬʘʡʣʽʚ[1] ʪʘ ʟʙʝʨʝʞʝʥʥʷ ʤʝʪʘʜʘʥʠʭ ʧʨʦ ʧʨʦʩʪʦʨʦʚʽ 

ʚʽʜʩʪʘʥʽ ʪʘ ʥʘʧʨʷʤʢʠ ʦʩʝʡ. 

¶ SciPy (Scientific Computing Library)[4] ï ʚʠʢʦʨʠʩʪʘʥʘ ʜʣʷ ʤʦʨʬʦʣʦʛʽʯʥʠʭ 

ʦʧʝʨʘʮʽʡ (ʟʘʤʠʢʘʥʥʷ, ʝʨʦʟʽʷ, ʜʠʣʘʪʘʮʽʷ), ʚʠʟʥʘʯʝʥʥʷ ʟ'ʻʜʥʘʥʠʭ 

ʢʦʤʧʦʥʝʥʪʽʚ ʪʘ ʬʽʣʴʪʨʫʚʘʥʥʷ ɻʘʫʩʘ[7]. 

¶ scikit-image (Image Processing in Python)[5] ï ʚʠʢʦʨʠʩʪʘʥʘ ʜʣʷ ʜʦʜʘʪʢʦʚʠʭ 

ʤʦʨʬʦʣʦʛʽʯʥʠʭ ʦʧʝʨʘʮʽʡ. 

2.2 ɽʪʘʧʠ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ 

ɸʣʛʦʨʠʪʤ ʚʠʢʦʥʫʻ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʦʙʨʦʙʢʠ ʜʣʷ ʚʠʜʽʣʝʥʥʷ ʪʘ ʘʥʘʣʽʟʫ ʪʽʣ 

ʭʨʝʙʮʽʚ: 

ɽʪʘʧ 1: ʇʝʨʝʜʦʙʨʦʙʢʘ ʪʘ ʥʦʨʤʘʣʽʟʘʮʽʷ ʧʨʦʩʪʦʨʦʚʦʛʦ ʜʦʟʚʦʣʫ 

DICOM-ʬʘʡʣʠ[1] (ʩʪʘʥʜʘʨʪ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ ʽʟ ʤʝʪʘʜʘʥʠʤʠ) ʟʯʠʪʫʶʪʴʩʷ ʟʽ 

ʟʙʝʨʝʞʝʥʥʷʤ ʧʨʦʩʪʦʨʦʚʠʭ ʢʦʦʨʜʠʥʘʪ ʪʘ ʥʘʧʨʷʤʢʽʚ ʦʩʝʡ. ʊʦʤ ʧʝʨʝʚʦʜʠʪʴʩʷ ʜʦ 

ʽʟʦʪʨʦʧʥʦʛʦ ʧʨʦʩʪʦʨʦʚʦʛʦ ʜʦʟʚʦʣʫ (ʦʜʥʘʢʦʚʠʡ ʢʨʦʢ ʫ ʚʩʽʭ ʥʘʧʨʷʤʢʘʭ). ʎʝ 

ʟʘʙʝʟʧʝʯʫʻ ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʥʘʩʪʫʧʥʠʭ ʦʧʝʨʘʮʽʡ ʦʙʨʦʙʢʠ ʪʘ ʪʦʯʥʽʩʪʴ 

ʨʦʟʪʘʰʫʚʘʥʥʷ ʮʝʥʪʨʦʾʜʽʚ. 

ʅʘ ʮʴʦʤʫ ʝʪʘʧʽ ʪʘʢʦʞ ʚʠʨʽʚʥʶʻʪʴʩʷ ʛʝʦʤʝʪʨʽʷ ʪʦʤʘ ʜʣʷ ʢʦʨʝʢʪʥʦʾ ʨʦʙʦʪʠ 3D-

ʤʦʨʬʦʣʦʛʽʾ: ʦʜʠʥ ʽ ʪʦʡ ʩʘʤʠʡ ʩʪʨʫʢʪʫʨʥʠʡ ʝʣʝʤʝʥʪ ʫ ʧʽʢʩʝʣʷʭ ʚʽʜʧʦʚʽʜʘʻ 

ʦʜʥʘʢʦʚʦʤʫ ʬʽʟʠʯʥʦʤʫ ʨʦʟʤʽʨʫ ʚ ʤʽʣʽʤʝʪʨʘʭ ʧʦ ʚʩʽʭ ʦʩʷʭ. 

ɽʪʘʧ 2: ɺʠʜʽʣʝʥʥʷ ʢʽʩʪʢʦʚʦʾ ʪʢʘʥʠʥʠ 

ɿʘʩʪʦʩʦʚʫʻʪʴʩʷ ʧʦʨʦʛʦʚʠʡ ʬʽʣʴʪʨ ʜʣʷ ʚʠʜʽʣʝʥʥʷ ʢʽʩʪʢʦʚʦʾ ʪʢʘʥʠʥʠ ʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʦʜʠʥʠʮʴ ʍʘʫʥʩʬʽʣʜʘ[2] (HU - ʰʢʘʣʘ ʨʝʥʪʛʝʥ-ʱʽʣʴʥʦʩʪʽ): 

άὥίὯὺέὰόάὩρχυὌὟ᷈ὺέὰόάὩσπππὌὟ 

ʎʝʡ ʜʽʘʧʘʟʦʥ ʦʭʦʧʣʶʻ ʢʦʨʪʠʢʘʣʴʥʫ (ʪʚʝʨʜʠʡ ʟʦʚʥʽʰʥʽʡ ʰʘʨ) ʪʘ ʛʫʙʯʘʩʪʫ 

ʢʽʩʪʢʫ (ʤ'ʷʢʰʘ ʚʥʫʪʨʽʰʥʷ ʩʪʨʫʢʪʫʨʘ), ʚʠʢʣʶʯʘʶʯʠ ʤ'ʷʢʫ ʪʢʘʥʠʥʫ ʪʘ 

ʘʨʪʝʬʘʢʪʠ. 

ɺʠʙʽʨ ʧʦʨʦʛʫ ʻ ʢʦʤʧʨʦʤʽʩʦʤ ʤʽʞ ʧʦʚʥʦʪʦʶ ʚʠʜʽʣʝʥʥʷ ʪʘ ʩʪʽʡʢʽʩʪʶ ʜʦ ʰʫʤʫ: 

ʥʘʜʪʦ ʚʫʟʴʢʠʡ ʜʽʘʧʘʟʦʥ ʧʨʠʟʚʦʜʠʪʴ ʜʦ ʚʪʨʘʪʠ ʯʘʩʪʠʥʠ ʢʽʩʪʢʦʚʦʾ ʩʪʨʫʢʪʫʨʠ, ʘ 

ʥʘʜʪʦ ʰʠʨʦʢʠʡ ʤʦʞʝ ʚʢʣʶʯʘʪʠ ʥʝʙʘʞʘʥʽ ʜʽʣʷʥʢʠ. 
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ɽʪʘʧ 3: ʄʦʨʬʦʣʦʛʽʯʥʘ ʦʙʨʦʙʢʘ ʪʘ ʩʝʛʤʝʥʪʘʮʽʷ ʭʨʝʙʪʘ 

ʄʦʨʬʦʣʦʛʽʯʥʘ ʦʧʝʨʘʮʽʷ ʟʘʢʨʠʪʪʷ ʟ'ʻʜʥʫʻ ʨʦʟʨʠʚʠ ʚ ʤʘʩʮʽ ʢʽʩʪʢʦʚʦʾ ʪʢʘʥʠʥʠ. 

ɼʘʣʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʘʧʦʩʪʝʨʽʦʨʥʝ ʟʤʽʱʝʥʥʷ (ʟʩʫʚ ʮʝʥʪʨʫ ʜʦ ʟʘʜʥʴʦʾ ʯʘʩʪʠʥʠ 

ʩʪʨʫʢʪʫʨʠ) ʟʘʤʽʩʪʴ ʧʨʦʩʪʦʛʦ ʮʝʥʪʨʫ ʤʘʩ ʜʣʷ ʚʠʟʥʘʯʝʥʥʷ ʮʝʥʪʨʽʚ ʩʝʛʤʝʥʪʘʮʽʾ, 

ʱʦ ʚʨʘʭʦʚʫʻ ʘʥʘʪʦʤʽʯʥʝ ʨʦʟʪʘʰʫʚʘʥʥʷ ʭʨʝʙʪʘ. 

ɸʣʛʦʨʠʪʤ ʨʝʘʣʽʟʫʻ ʜʚʦʭʧʨʦʭʽʜʥʠʡ ʧʽʜʭʽʜ: ʧʝʨʰʠʡ ʧʨʦʭʽʜ ʚʠʢʦʥʫʻ ʧʦʧʝʨʝʜʥʶ 

ʩʝʛʤʝʥʪʘʮʽʶ, ʜʨʫʛʠʡ ʧʨʦʭʽʜ ʧʝʨʝʨʘʭʦʚʫʻ ʮʝʥʪʨʠ ʥʘ ʦʩʥʦʚʽ ʦʯʠʱʝʥʦʾ ʤʘʩʢʠ ʜʣʷ 

ʢʦʨʝʢʮʽʾ ʧʦʯʘʪʢʦʚʠʭ ʟʤʽʱʝʥʴ. 

ʇʨʘʢʪʠʯʥʦ ʮʝ ʟʤʝʥʰʫʻ ʚʧʣʠʚ ʨʝʙʝʨ, ʤʝʪʘʣʝʚʠʭ ʘʨʪʝʬʘʢʪʽʚ ʪʘ ʣʦʢʘʣʴʥʠʭ 

ʧʨʦʧʫʩʢʽʚ ʫ ʤʘʩʮʽ: ʪʨʘʻʢʪʦʨʽʷ ʮʝʥʪʨʽʚ ʩʪʘʻ ʧʣʘʚʥʽʰʦʶ, ʘ ʮʽʣʴʦʚʘ ʦʙʣʘʩʪʴ 

ʩʪʘʙʽʣʴʥʽʰʝ ʫʪʨʠʤʫʻʪʴʩʷ ʚ ʤʝʞʘʭ ʭʨʝʙʪʘ ʥʘ ʜʦʚʛʽʡ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʟʨʽʟʽʚ. 

ɽʪʘʧ 4: ɿʘʧʦʚʥʝʥʥʷ ʪʘ ʚʠʜʽʣʝʥʥʷ ʪʽʣʘ ʭʨʝʙʮʷ 

ʇʽʩʣʷ ʧʦʯʘʪʢʦʚʦʛʦ ʟʘʧʦʚʥʝʥʥʷ ʚʥʫʪʨʽʰʥʴʦʛʦ ʦʙ'ʻʤʫ ʭʨʝʙʮʽʚ (ʛʫʙʯʘʩʪʘ ʢʽʩʪʢʘ + 

ʢʦʨʪʠʢʘʣʴʥʘ ʦʙʦʣʦʥʢʘ) ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʧʨʦʮʝʜʫʨʘ ʟʘʢʨʠʪʪʷ ʟʘʣʠʰʢʦʚʠʭ 

ʚʥʫʪʨʽʰʥʽʭ ʧʦʨʦʞʥʠʥ ʯʝʨʝʟ ʤʦʨʬʦʣʦʛʽʯʥʝ ʟʘʤʠʢʘʥʥʷ ʧʦ ʟʨʽʟʘʭ ʽ ʚ 3D, ʧʽʩʣʷ 

ʯʦʛʦ ʚʠʢʦʥʫʻʪʴʩʷ ʟʘʧʦʚʥʝʥʥʷ ʽʟʦʣʴʦʚʘʥʠʭ ʧʦʨʦʞʥʠʥ ʫʩʝʨʝʜʠʥʽ ʟʘʤʢʥʝʥʦʾ 

ʤʘʩʢʠ ʜʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʾʾ ʪʦʧʦʣʦʛʽʯʥʦʾ ʮʽʣʽʩʥʦʩʪʽ. 

ʋ ʧʦʻʜʥʘʥʥʽ ʮʽ ʢʨʦʢʠ ʬʦʨʤʫʶʪʴ ʩʫʮʽʣʴʥʠʡ ʦʙ'ʻʤ ʪʽʣʘ ʭʨʝʙʮʷ ʧʝʨʝʜ ʧʦʜʘʣʴʰʠʤ 

ʦʯʠʱʝʥʥʷʤ. ʊʽʣʦ ʭʨʝʙʮʷ (anterior body) ʨʦʟʜʽʣʷʻʪʴʩʷ ʚʽʜ ʟʘʜʥʽʭ ʝʣʝʤʝʥʪʽʚ 

(posterior elements) ʯʝʨʝʟ ʤʦʨʬʦʣʦʛʽʯʥʫ ʝʨʦʟʽʶ ʥʘ ʢʦʞʥʦʤʫ ʘʢʩʽʘʣʴʥʦʤʫ ʟʨʽʟʽ. 

ɽʨʦʟʽʷ ʨʦʟʨʠʚʘʻ ʪʦʥʢʽ ʩʪʨʫʢʪʫʨʠ (ʥʽʞʢʠ, ʜʫʛʠ), ʟʘʣʠʰʘʶʯʠ ʦʩʥʦʚʥʝ ʪʽʣʦ 

ʭʨʝʙʮʷ. 

ɼʣʷ ʢʦʞʥʦʛʦ ʟʨʽʟʘ: 

¶ ɿʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʦʨʬʦʣʦʛʽʯʥʘ ʝʨʦʟʽʷ 

¶ ɺʠʷʚʣʷʶʪʴʩʷ ʟ'ʻʜʥʘʥʽ ʢʦʤʧʦʥʝʥʪʠ 

¶ ɿʙʝʨʽʛʘʻʪʴʩʷ ʥʘʡʙʽʣʴʰʠʡ ʢʦʤʧʦʥʝʥʪ (ʪʽʣʦ ʭʨʝʙʮʷ) 

¶ ʈʝʟʫʣʴʪʘʪ ʨʦʟʰʠʨʶʻʪʴʩʷ (ʜʠʣʘʪʘʮʽʷ) ʫ ʤʝʞʘʭ ʚʠʭʽʜʥʦʾ ʤʘʩʢʠ 

¶ ʅʘ ʟʘʚʝʨʰʝʥʥʷ ʚʠʢʦʥʫʻʪʴʩʷ 3D-ʦʯʠʱʝʥʥʷ: ʜʨʽʙʥʽ ʬʨʘʛʤʝʥʪʠ, ʱʦ ʻ 

ʘʨʪʝʬʘʢʪʘʤʠ ʝʨʦʟʽʾ, ʚʠʜʘʣʷʶʪʴʩʷ, ʪʦʜʽ ʷʢ ʫʩʽ ʟʥʘʯʫʱʽ ʢʦʤʧʦʥʝʥʪʠ 

ʟʙʝʨʽʛʘʶʪʴʩʷ. 

ɽʪʘʧ 5: ʆʯʠʱʝʥʥʷ ʪʘ ʚʠʜʘʣʝʥʥʷ ʘʨʪʝʬʘʢʪʽʚ 

ɺʠʜʘʣʷʶʪʴʩʷ ʪʦʥʢʽ ʩʪʨʫʢʪʫʨʠ ʤʝʥʰʝ ʤʽʥʽʤʘʣʴʥʦʾ ʪʦʚʱʠʥʠ ʧʦ ʦʩʽ Z. ɼʘʣʽ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʘʥʘʣʽʟ ʩʧʠʥʥʦʤʦʟʢʦʚʦʛʦ ʢʘʥʘʣʫ ʜʣʷ ʚʠʜʘʣʝʥʥʷ ʟʘʣʠʰʢʽʚ 
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ʟʘʜʥʽʭ ʝʣʝʤʝʥʪʽʚ. ʎʽ ʦʧʝʨʘʮʽʾ ʚʠʜʘʣʷʶʪʴ ʰʫʤ ʪʘ ʘʨʪʝʬʘʢʪʠ, ʟʙʝʨʽʛʘʶʯʠ 

ʦʩʥʦʚʥʫ ʩʪʨʫʢʪʫʨʫ ʪʽʣʘ ʭʨʝʙʮʷ. 

ɼʦʜʘʪʢʦʚʝ 3D-ʦʯʠʱʝʥʥʷ ʤʘʣʠʭ ʢʦʤʧʦʥʝʥʪʽʚ ʧʽʩʣʷ ʢʘʥʘʣʴʥʦʛʦ ʚʽʜʩʽʢʘʥʥʷ 

ʜʦʟʚʦʣʷʻ ʫʥʠʢʥʫʪʠ ʥʘʢʦʧʠʯʝʥʥʷ ʬʨʘʛʤʝʥʪʽʚ, ʷʢʽ ʤʦʞʫʪʴ ʩʧʦʪʚʦʨʶʚʘʪʠ 

ʨʦʟʨʘʭʫʥʦʢ ʮʝʥʪʨʦʾʜʽʚ ʫ ʚʝʨʭʥʽʭ ʪʘ ʥʠʞʥʽʭ ʚʽʜʜʽʣʘʭ ʜʦʩʣʽʜʞʫʚʘʥʦʛʦ ʦʙ'ʻʤʫ. 

ɽʪʘʧ 6: ɺʠʟʥʘʯʝʥʥʷ ʮʝʥʪʨʦʾʜʽʚ ʥʘ ʢʦʞʥʦʤʫ ʟʨʽʟʽ 

ʅʘ ʢʦʞʥʦʤʫ ʘʢʩʽʘʣʴʥʦʤʫ ʟʨʽʟʽ ʚʠʙʫʜʦʚʘʥʦʛʦ ʪʽʣʘ ʭʨʝʙʮʷ ʦʙʯʠʩʣʶʻʪʴʩʷ 

ʮʝʥʪʨʦʾʜ (ʮʝʥʪʨ ʤʘʩ): 

ὧ
ВὼẗÍÁÓË

ВÍÁÓË
ȟὧ

ВώẗÍÁÓË

ВÍÁÓË
 

ʊʘʢʠʤ ʯʠʥʦʤ, ʥʘ ʚʩʽʭ ʟʨʽʟʘʭ ʚʠʟʥʘʯʘʶʪʴʩʷ ʮʝʥʪʨʦʾʜʠ, ʱʦ ʫʪʚʦʨʶʶʪʴ ʩʫʮʽʣʴʥʫ 

3D ʪʨʘʻʢʪʦʨʽʶ ʯʝʨʝʟ ʚʝʩʴ ʪʦʤ ʭʨʝʙʪʘ. 

ʎʝʥʪʨʦʾʜʠ ʽʥʪʝʨʧʦʣʶʶʪʴʩʷ ʪʘ ʟʛʣʘʜʞʫʶʪʴʩʷ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʛʣʘʜʢʦʾ ʪʨʘʻʢʪʦʨʽʾ, 

ʱʦ ʚʽʜʧʦʚʽʜʘʻ ʘʥʘʪʦʤʽʯʥʽʡ ʢʨʠʚʠʟʥʽ ʭʨʝʙʪʘ. 

ʆʪʨʠʤʘʥʘ ʪʨʘʻʢʪʦʨʽʷ ʩʣʫʛʫʻ ʦʧʦʨʥʦʶ ʚʽʩʩʶ ʜʣʷ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʟʥʘʯʝʥʥʷ 

ʛʝʦʤʝʪʨʠʯʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʭʨʝʙʮʽʚ, ʥʝʦʙʭʽʜʥʠʭ ʜʣʷ ʧʽʜʙʦʨʫ ʪʘ ʧʦʟʠʮʽʦʥʫʚʘʥʥʷ 

ʤʽʞʪʽʣʦʚʠʭ ʽʤʧʣʘʥʪʽʚ. 

 
ʈʠʩ.1. ɸʢʩʽʘʣʴʥʽ ʟʨʽʟʠ ʟ ʧʦʟʥʘʯʝʥʠʤʠ ʮʝʥʪʨʦʾʜʘʤʠ 

2.3 ʆʩʦʙʣʠʚʦʩʪʽ ʪʘ ʧʝʨʝʚʘʛʠ ʘʣʛʦʨʠʪʤʫ 

ʈʦʟʨʦʙʣʝʥʠʡ ʧʽʜʭʽʜ ʤʘʻ ʨʷʜ ʧʝʨʝʚʘʛ: 
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¶ ɸʚʪʦʤʘʪʠʯʥʝ ʦʙʨʦʙʢʘ ʚʘʨʽʘʮʽʡ ʘʥʘʪʦʤʽʾ: ʘʧʦʩʪʝʨʽʦʨʥʝ ʟʤʽʱʝʥʥʷ ʪʘ Z-

ʧʨʦʬʽʣʴʥʠʡ ʘʥʘʣʽʟ ʘʜʘʧʪʫʶʪʴʩʷ ʜʦ ʽʥʜʠʚʽʜʫʘʣʴʥʠʭ ʦʩʦʙʣʠʚʦʩʪʝʡ 

¶ ʉʫʮʽʣʴʥʘ ʩʝʛʤʝʥʪʘʮʽʷ: ʭʨʝʙʝʪ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʷʢ ʻʜʠʥʘ ʩʪʨʫʢʪʫʨʘ ʟ 

ʮʝʥʪʨʦʾʜʘʤʠ ʥʘ ʚʩʽʭ ʟʨʽʟʘʭ, ʘ ʥʝ ʷʢ ʦʢʨʝʤʽ ʭʨʝʙʮʽ 

¶ ɺʠʜʘʣʝʥʥʷ ʘʨʪʝʬʘʢʪʽʚ: ʧʦʩʣʽʜʦʚʥʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʦʨʬʦʣʦʛʽʯʥʠʭ ʦʧʝʨʘʮʽʡ 

ʪʘ ʘʥʘʣʽʟʫ ʩʧʠʥʥʦʤʦʟʢʦʚʦʛʦ ʢʘʥʘʣʫ ʟʘʙʝʟʧʝʯʫʻ ʯʠʩʪʫ ʩʝʛʤʝʥʪʘʮʽʶ 

¶ ɻʣʘʜʢʘ 3D ʪʨʘʻʢʪʦʨʽʷ: ʽʥʪʝʨʧʦʣʷʮʽʷ ʪʘ ʬʽʣʴʪʨ ɻʘʫʩʘ[7] ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʤʦʨʬʦʣʦʛʽʯʥʦ ʢʦʨʝʢʪʥʫ ʪʨʘʻʢʪʦʨʽʶ ʮʝʥʪʨʦʾʜʽʚ 

¶ ʏʘʩʦʚʘ ʝʬʝʢʪʠʚʥʽʩʪʴ: ʚʝʢʪʦʨʠʟʦʚʘʥʽ ʦʧʝʨʘʮʽʾ NumPy[6] ʪʘ SciPy[4] 

ʟʘʙʝʟʧʝʯʫʶʪʴ ʰʚʠʜʢʫ ʦʙʨʦʙʢʫ ʚʝʣʠʢʠʭ ʪʦʤʽʚ 

3. ɺʀʉʅʆɺʆʂ 

ʈʦʟʨʦʙʣʝʥʠʡ ʘʣʛʦʨʠʪʤ ʜʝʤʦʥʩʪʨʫʻ ʧʨʘʢʪʠʯʥʠʡ ʧʽʜʭʽʜ ʜʦ ʘʚʪʦʤʘʪʠʯʥʦʾ 

ʩʝʛʤʝʥʪʘʮʽʾ ʭʨʝʙʪʘ ʥʘ ʂʊ-ʟʦʙʨʘʞʝʥʥʷʭ ʟ ʧʦʜʘʣʴʰʠʤ ʚʠʟʥʘʯʝʥʥʷʤ ʮʝʥʪʨʦʾʜʽʚ 

ʥʘ ʚʩʽʭ ʘʢʩʽʘʣʴʥʠʭ ʟʨʽʟʘʭ. 

ʂʣʶʯʦʚʽ ʩʢʣʘʜʦʚʽ ʘʣʛʦʨʠʪʤʫ: 

¶ ɺʠʢʦʨʠʩʪʘʥʥʷ ʘʧʦʩʪʝʨʽʦʨʥʦʛʦ ʟʤʽʱʝʥʥʷ ʟʘʤʽʩʪʴ ʧʨʦʩʪʦʛʦ ʮʝʥʪʨʫ ʤʘʩ ʜʣʷ 

ʘʥʘʪʦʤʽʯʥʦʾ ʢʦʨʝʢʪʥʦʩʪʽ 

¶ ɼʚʦʭʧʨʦʭʽʜʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʟ ʫʪʦʯʥʝʥʥʷʤ ʥʘ ʜʨʫʛʦʤʫ ʧʨʦʭʦʜʽ 

¶ ʇʦʩʣʽʜʦʚʥʝ ʚʠʜʘʣʝʥʥʷ ʘʨʪʝʬʘʢʪʽʚ ʪʘ ʟʘʜʥʽʭ ʝʣʝʤʝʥʪʽʚ 

¶ ɺʠʟʥʘʯʝʥʥʷ ʮʝʥʪʨʦʾʜʽʚ ʥʘ ʢʦʞʥʦʤʫ ʟʨʽʟʽ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʩʫʮʽʣʴʥʦʾ 3D 

ʪʨʘʻʢʪʦʨʽʾ 

¶ ɯʥʪʝʨʧʦʣʷʮʽʷ ʪʘ ʟʛʣʘʜʞʫʚʘʥʥʷ ʪʨʘʻʢʪʦʨʽʾ ʜʣʷ ʤʦʨʬʦʣʦʛʽʯʥʦʾ ʢʦʨʝʢʪʥʦʩʪʽ 

 

ʊʘʢʠʡ ʢʦʤʙʽʥʦʚʘʥʠʡ ʧʽʜʭʽʜ, ʱʦ ʧʦʻʜʥʫʻ ʢʣʘʩʠʯʥʽ ʤʝʪʦʜʠ ʦʙʨʦʙʢʠ 

ʟʦʙʨʘʞʝʥʴ (ʤʦʨʬʦʣʦʛʽʯʥʽ ʦʧʝʨʘʮʽʾ, ʧʦʨʦʛʦʚʠʡ ʘʥʘʣʽʟ) ʟ ʘʥʘʪʦʤʽʯʥʠʤʠ 

ʟʥʘʥʥʷʤʠ ʧʨʦ ʩʪʨʫʢʪʫʨʫ ʭʨʝʙʪʘ, ʟʘʙʝʟʧʝʯʫʻ ʥʘʜʽʡʥʫ ʦʩʥʦʚʫ ʜʣʷ ʨʦʟʨʦʙʢʠ 

ʢʣʽʥʽʯʥʠʭ ʩʠʩʪʝʤ ʘʥʘʣʽʟʫ ʂʊ-ʟʦʙʨʘʞʝʥʴ ʪʘ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʽʚ ʫ ʛʘʣʫʟʽ 

ʤʝʜʠʯʥʦʾ ʽʥʬʦʨʤʘʪʠʢʠ. 

ʉʇʀʉʆʂ ʃɯʊɽʈɸʊʋʈʀ 

1. DICOM Standard: https://www.dicomstandard.org/ 

2. Hounsfield Unit (HU), Radiopaedia: https://radiopaedia.org/articles/hounsfield-

unit 

3. SimpleITK Documentation: https://simpleitk.readthedocs.io/ 

https://www.dicomstandard.org/
https://radiopaedia.org/articles/hounsfield-unit
https://radiopaedia.org/articles/hounsfield-unit
https://simpleitk.readthedocs.io/


140 

 

4. SciPy ndimage Documentation: 

https://docs.scipy.org/doc/scipy/reference/ndimage.html 

5. scikit-image Watershed Example: https://scikit-

image.org/docs/stable/auto_examples/segmentation/plot_watershed.html 

6. NumPy Documentation: https://numpy.org/doc/stable/user/index.html 

7. 1D Gaussian Filter: 

https://docs.scipy.org/doc/scipy/reference/generated/scipy.ndimage.gaussian_f

ilter1d.html 

 

COMPUTER VISION -BASED MOBILE APPLICATION FOR SPATIAL 

TRACKING AND VISUAL PATTERN CORRECTION ñEYECOACHò 

Ilona Keno, Andrii Melnychyn 

Ivan Franko National University of Lviv, 

Faculty of Applied Mathematics and Informatics  

ilona.keno@lnu.edu.ua, andriy.melnychun@lnu.edu.ua 

In the modern era of global digitalization, the rapid increase in the time users 

spend in front of smartphone and tablet screens has provoked a large-scale rise in 

visual system disorders. One of the most acute problems today is the so-called 

Digital Eye Strain, or computer vision syndrome. The main reasons for the 

development of this pathology are prolonged static focusing of the gaze on the 

display at a critically short distance, ergonomic violations (in particular, an incorrect 

angle of head tilt), and a significant decrease in the blink rate during active content 

consumption [4]. 

Although mobile applications with sets of ophthalmological gymnastics exist 

on the digital medicine market, their fundamental drawback is the lack of feedback 

and objective control mechanisms. They offer exclusively passive content 

(animations or text instructions) but cannot track whether the user is actually making 

eye movements or maintaining the correct distance and head-tilt angle. This creates 

an urgent need to develop interactive systems of a new generation. 

The application of Computer Vision and Spatial Tracking methods has 

opened up a wide range of possibilities for creating applications that not only offer 

a set of exercises but also automatically direct and validate the user's interaction in 

real time during training, transforming routine vision prevention into an active, 

controlled process. 

https://docs.scipy.org/doc/scipy/reference/ndimage.html
https://scikit-image.org/docs/stable/auto_examples/segmentation/plot_watershed.html
https://scikit-image.org/docs/stable/auto_examples/segmentation/plot_watershed.html
https://numpy.org/doc/stable/user/index.html
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In view of this, the purpose of this work is to develop and implement the 

interactive iOS application "EYECOACH". This software complex is designed to 

completely transform the approach to eye gymnastics, acting as a virtual trainer. 

Unlike traditional catalog applications, the integration of biometric tracking methods 

allows the system to literally "see" the user, tracking the correctness of each 

movement during the training process [7]. In addition to direct muscle warm-up, the 

program will not block devices in case of ergonomic norms violation (for example, 

getting too close to the display), but will gently guide the user with the help of visual 

and haptic feedback. 

To achieve this goal within the research, the following tasks were identified 

and completed: 

¶ analyzed existing technological solutions in the HealthTech field for the 

prevention of vision impairments and identified their main drawbacks, such as the 

lack of mechanisms for objective control of exercise execution; 

¶ designed a multi-level architecture of a mobile application capable of 

analyzing and processing high-frequency biometric data streams in real time without 

loss of user interface performance; 

¶ implemented software modules for tracking the spatial position of the head 

and continuously measuring the distance to the screen using the Apple TrueDepth 

API and ARKit framework, with a reactive and inclusive interface based on SwiftUI, 

which provides instant feedback (visual and haptic) for the correction of visual 

patterns and validation of exercises, and allows for the integration of a cloud 

infrastructure based on Firebase for reliable user authentication and aggregation of 

training statistics for further analysis of the methodologies' effectiveness [1, 2, 5]. 

The foundation for building a high-load real-time biometric tracking system 

was the native toolset of the Apple ecosystem, considering the speed of 

implementing the necessary functions. The development of the client side of the 

"EYECOACH" application was carried out using the Swift programming language, 

chosen due to its high performance, memory management safety, and unhindered 

access to low-level hardware APIs of the device [3]. The visual user interface (UI) 

was designed using the declarative SwiftUI framework. Unlike imperative 

approaches, this state-based architecture allows the system to instantly and smoothly 

redraw the interface in response to micro-changes in the user's biometric indicators 

(e.g., a change in distance to the screen), without causing delays or so-called 

interface "freezes". 
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The innovative core of the product is the computer vision module, focused 

exclusively on the analysis of eye muscle micromotor skills [6]. Interaction with the 

TrueDepth camera hardware is implemented through the ARKit framework 

(ARFaceTrackingConfiguration session). The software logic of tracking is based on 

vector analysis: during each iteration (frame), ARKit generates an ARFaceAnchor 

object containing highly accurate data on facial topology. To track eye movements, 

the application's algorithm addresses the properties of transformation matrices, 

calculating the spatial gaze direction vectors relative to the camera. 

The mathematical apparatus of the application analyzes these vectors, 

allowing the system to determine the user's gaze direction in real time with high 

accuracy: up, down, right, or left, as well as to determine whether the user's eyes are 

closed. This approach enables "EYECOACH" not only to show gymnastics 

animations but also to perform objective validation: the system counts the 

completion of a training element only when it registers the correct vector movement 

of the eyes with a specified amplitude. 

Since ARFaceTrackingConfiguration updates data at a rate of 60 frames per 

second, continuous mathematical processing of matrices is a resource-intensive task. 

To maintain performance and optimize energy consumption, the application 

implements a multithreaded architecture (Concurrency). All complex vector 

calculations are offloaded to Background Threads, while the Main Thread remains 

free exclusively for rendering UI updates and generating instant visual or haptic 

feedback for a successfully completed exercise. 

An important component of the "EYECOACH" ecosystem is also the cloud 

architecture, necessary for collecting and analyzing the received data. To ensure 

secure user authentication and synchronization of their progress, Google's Firebase 

Cloud Firestore solution was integrated [5]. The use of this NoSQL database allowed 

for the effective structuring of log arrays (session duration, accuracy and amplitude 

of movements, training regularity, etc.). The aggregation of such data creates a 

powerful foundation for the future implementation of Data Science methods, which 

will allow the use of Machine Learning algorithms for predictive analytics and the 

generation of maximally personalized training programs. 

Special attention during the design of "EYECOACH" was paid to the issues 

of Accessibility and User Experience (UX) ergonomics. Since the product's target 

audience is people with elevated visual strain, the interface is optimized to minimize 

visual load. The application supports system-wide text size adaptation (Dynamic 

Type) and a full Dark Mode, which significantly reduces blue light emission from 
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the screen. Moreover, [3] to free the user from the need to read text instructions 

during gymnastics, an audio accompaniment feature was integrated into the system. 

A virtual trainer character voices every action, guiding the training process by voice, 

which makes the interaction as natural and safe for the eyes as possible. In the further 

scaling of the project, it is planned to expand the capabilities of biometric analysis 

by integrating Head Pose Tracking algorithms, which will allow the system to 

comprehensively monitor not only the micromotor skills of the eyes but also posture 

and the overall distance to the screen, forming a holistic picture of digital 

ergonomics. 

Thus, within the framework of this work, an innovative iOS application 

"EYECOACH" was designed and implemented in software, offering a qualitatively 

new approach to the prevention of computer vision syndrome. Through the 

implementation of computer vision methods and the use of the camera's hardware 

capabilities via the appropriate framework, it was possible to completely transform 

the passive execution of ophthalmological exercises into a controlled, interactive 

process. 

The developed algorithm for vector analysis of eye micromotor skills ensures 

highly accurate objective validation of user actions in real time, counting exercises 

only if they are performed correctly. The use of a modern technology stack [4] 

combined with the multithreaded processing of high-frequency data guarantees high 

system performance and instant feedback. At the same time, the integration of the 

Firebase cloud infrastructure forms a reliable foundation for the secure storage of 

data and the further application of Data Science methods for training personalization. 

Thus, the developed "EYECOACH" architecture proves the high efficiency and 

prospects of applying spatial tracking technologies in the modern industry of 

preventive digital medicine. 
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1. ʆʪʨʠʤʘʥʥʷ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʪʘ ʧʦʯʘʪʢʦʚʘ ʦʙʨʦʙʢʘ. ʂʦʨʠʩʪʫʚʘʯ 

ʟʘʚʘʥʪʘʞʫʻ ʬʘʡʣ ʨʝʟʶʤʝ ʫ ʬʦʨʤʘʪʘʭ PDF ʘʙʦ DOCX, ʟʘʜʘʻ ʪʝʢʩʪ 

ʚʘʢʘʥʩʽʾ. ʅʘ ʮʴʦʤʫ ʝʪʘʧʽ ʚʽʜʙʫʚʘʻʪʴʩʷ ʥʦʨʤʘʣʽʟʘʮʽʷ ʧʨʦʙʽʣʽʚ ʪʘ 

ʧʫʥʢʪʫʘʮʽʾ. 

2. ʇʝʨʝʪʚʦʨʝʥʥʷ ʪʝʢʩʪʫ ʨʝʟʶʤʝ ʪʘ ʦʧʠʩʫ ʚʘʢʘʥʩʽʾ ʫ ʩʪʨʫʢʪʫʨʦʚʘʥʽ JSON 

ʦʙô̒ ʢʪʠ, ʱʦ ʤʽʩʪʷʪʴ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ ʥʘʚʠʯʢʠ, ʨʦʢʠ ʜʦʩʚʽʜʫ ʪʘ ʦʩʚʽʪʫ. 

3. ʗʢʽʩʥʘ ʦʮʽʥʢʘ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʰʣʷʭʦʤ ʚʠʟʥʘʯʝʥʥʷ ʩʠʣʴʥʠʭ ʪʘ ʩʣʘʙʢʠʭ 

ʩʪʦʨʽʥ, ʥʘʜʘʥʥʷ ʨʝʢʦʤʝʥʜʘʮʽʡ ʜʣʷ ʧʦʢʨʘʱʝʥʥʷ. 

4. ʆʙʯʠʩʣʝʥʥʷ ʦʩʪʘʪʦʯʥʦʾ ʦʮʽʥʢʠ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʨʝʟʶʤʝ ʚʠʤʦʛʘʤ ʚʘʢʘʥʩʽʾ 

ʫ ʤʝʞʘʭ ʚʽʜ 0 ʜʦ 1. 

ɼʨʫʛʠʡ ʪʘ ʪʨʝʪʽʡ ʝʪʘʧʠ ʚʠʢʦʥʫʶʪʴʩʷ ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʚʝʣʠʢʽ ʤʦʚʥʽ 

ʤʦʜʝʣʽ. ʇʝʨʰʠʡ ʪʘ ʯʝʪʚʝʨʪʠʡ ʝʪʘʧʠ ʚʽʜʙʫʚʘʶʪʴʩʷ ʜʝʪʝʨʤʽʥʦʚʘʥʦ. ɿʘʛʘʣʴʥʠʡ 

ʦʛʣʷʜ ʝʪʘʧʽʚ ʘʥʘʣʽʟʫ ʧʦʜʘʥʦ ʫ ʚʠʛʣʷʜʽ ʜʽʘʛʨʘʤʠ ʥʘ ʨʠʩʫʥʢʫ 1. 

 

 
ʈʠʩ. 1. ɽʪʘʧʠ ʘʥʘʣʽʟʫ 

ʆʩʪʘʪʦʯʥʘ ʦʮʽʥʢʘ ʦʙʯʠʩʣʶʻʪʴʩʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʢʦʤʙʽʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʟʘ 

ʥʘʩʪʫʧʥʦʶ ʬʦʨʤʫʣʦʶ: 

Ὓ ὡ ẗὛ ὡ ẗὛ ὡ ẗὛ ὡ ẗὛ ȟ 

ʜʝ Ὓ ȟὛ ȟὛ  ï ʦʮʽʥʢʠ ʟʘ ʥʘʚʠʯʢʠ, ʜʦʩʚʽʜ ʪʘ ʦʩʚʽʪʫ ʚʽʜʧʦʚʽʜʥʦ, 

Ὓ  ï ʦʮʽʥʢʘ ʚʽʜ ʚʝʣʠʢʦʾ ʤʦʚʥʦʾ ʤʦʜʝʣʽ, ʘ ὡ ȟὡ ȟὡ ȟὡ  ï ʚʘʛʠ 

ʚʽʜʧʦʚʽʜʥʠʭ ʦʮʽʥʦʢ. ʋʩʽ ʦʮʽʥʢʠ ʥʦʨʤʘʣʽʟʦʚʘʥʽ ʥʘ ʧʨʦʤʽʞʢʫ πȠρ ʪʘ ʩʫʤʘ ʚʩʽʭ 

ʚʘʛ ʜʦʨʽʚʥʶʻ ρȢ ʆʮʽʥʢʠ ʦʙʯʠʩʣʶʶʪʴʩʷ ʩʠʩʪʝʤʦʶ, ʘ ʚʘʛʠ ʟʘʜʘʶʪʴʩʷ 

ʢʦʨʠʩʪʫʚʘʯʝʤ. ɿʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ ʟʥʘʯʝʥʥʷ ʚʘʛ ʚʩʪʘʥʦʚʣʶʶʪʴʩʷ ʥʘʩʪʫʧʥʠʤ 

ʯʠʥʦʤ: ὡ πȟυȠὡ πȟσȠὡ πȟρȠὡ πȟρ. 

ɼʣʷ ʚʠʟʥʘʯʝʥʥʷ ʦʮʽʥʢʠ ʟʘ ʢʨʠʪʝʨʽʻʤ ʥʘʚʠʯʦʢ Ὓ  ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʩʝʤʘʥʪʠʯʥʘ ʧʦʜʽʙʥʽʩʪʴ [7] ʥʝʦʙʭʽʜʥʠʭ ʪʘ ʥʘʷʚʥʠʭ ʥʘʚʠʯʦʢ. ʆʪʨʠʤʘʥʽ ʥʘʚʠʯʢʠ 

ʥʦʨʤʘʣʽʟʫʶʪʴʩʷ ʜʦ ʪʝʨʤʽʥʽʚ ʪʘʢʩʦʥʦʤʽʾ ESCO (European Skills, Competences, 

Qualifications and Occupations) [2] ʚʝʨʩʽʾ v1.2.1, ʦʬʽʮʽʡʥʦ ʧʝʨʝʢʣʘʜʝʥʦʾ 

ʫʢʨʘʾʥʩʴʢʦʶ ʤʦʚʦʶ, ʧʽʩʣʷ ʯʦʛʦ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʥʘ ʚʝʢʪʦʨʠ ʯʠʩʝʣ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʤʦʜʝʣʽ ʩʝʤʘʥʪʠʯʥʠʭ ʝʤʙʝʜʠʥʛʽʚ. ʇʽʩʣʷ ʮʴʦʛʦ ʦʙʯʠʩʣʶʻʪʴʩʷ 

ʢʦʩʠʥʫʩʥʘ ʧʦʜʽʙʥʽʩʪʴ (cosine similarity) [1] ʤʽʞ ʚʝʢʪʦʨʦʤ ʥʘʚʠʯʦʢ 

ʢʘʥʜʠʜʘʪʘ ὃᴆ ʪʘ ʚʝʢʪʦʨʦʤ ʥʝʦʙʭʽʜʥʠʭ ʥʘʚʠʯʦʢ ʽʟ ʚʘʢʘʥʩʽʾ ὄᴆ ʟʘ ʬʦʨʤʫʣʦʶ: 
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ÓÉÍὃᴆȟὄᴆ
ὃᴆȟὄᴆ

ὃᴆẗὄᴆ

В ὃᴆẗὄᴆ

В ὃᴆ ẗ В ὄᴆ

 

ʆʩʢʽʣʴʢʠ ʟʥʘʯʝʥʥʷ ʢʦʩʠʥʫʩʥʦʾ ʧʦʜʽʙʥʦʩʪʽ ʣʝʞʠʪʴ ʫ ʤʝʞʘʭ [ī1;1], ʫ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦʤʫ ʧʽʜʭʦʜʽ ʚʩʽ ʚʽʜôʻʤʥʽ ʟʥʘʯʝʥʥʷ ʟʘʤʽʥʶʶʪʴʩʷ ʥʘ ʥʫʣʴ. ʆʮʽʥʢʘ 

ʟʘ ʥʘʚʠʯʢʠ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ: 

Ὓ ÍÁØÓÉÍὃᴆȟὄᴆȟπ 

ʊʘʢʠʡ ʧʽʜʭʽʜ ʛʘʨʘʥʪʫʻ, ʱʦ ʧʽʜʩʫʤʢʦʚʘ ʦʮʽʥʢʘ ʻ ʥʝʚʽʜôʻʤʥʦʶ, ʘ ʚʽʜôʻʤʥʘ 

ʧʦʜʽʙʥʽʩʪʴ ʽʥʪʝʨʧʨʝʪʫʻʪʴʩʷ ʷʢ ʚʽʜʩʫʪʥʽʩʪʴ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʤʽʞ ʚʝʢʪʦʨʘʤʠ ʦʟʥʘʢ. 

ɼʣʷ ʦʮʽʥʢʠ ʟʘ ʜʦʩʚʽʜ Ὓ  ʩʠʩʪʝʤʘ ʚʠʢʦʨʠʩʪʦʚʫʻ ʢʽʣʴʢʽʩʪʴ ʨʦʢʽʚ 

ʜʦʩʚʽʜʫ Ὁ , ʷʢʘ ʻ ʥʝʦʙʭʽʜʥʦʶ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʚʠʤʦʛ ʚʘʢʘʥʩʽʾ, ʪʘ ʥʘʷʚʥʫ ʚ 

ʢʘʥʜʠʜʘʪʘ ʢʽʣʴʢʽʩʪʴ ʨʦʢʽʚ ʜʦʩʚʽʜʫ Ὁ . ʊʦʜʽ ʦʮʽʥʢʘ ʟʘ ʜʦʩʚʽʜ ʚʩʪʘʥʦʚʣʶʻʪʴʩʷ 

ʥʘʩʪʫʧʥʠʤ ʯʠʥʦʤ: 

Ὓ
ÍÉÎ

Ὁ

Ὁ
ȟρȟ̠ ̋̚Ὁ̏ π

πȟ̠᷈̋̚Ὁ̏ π
 

ʆʮʽʥʢʘ ʟʘ ʦʩʚʽʪʫ Ὓ  ʚʩʪʘʥʦʚʣʶʻʪʴʩʷ ʨʽʚʥʦʶ ρ, ʷʢʱʦ ʫ ʢʘʥʜʠʜʘʪʘ ʻ 

ʥʝʦʙʭʽʜʥʘ ʦʩʚʽʪʘ. ʋ ʽʥʰʦʤʫ ʚʠʧʘʜʢʫ ʟʘʟʥʘʯʝʥʘ ʚʝʣʠʯʠʥʘ ʜʦʨʽʚʥʶʻ π. ɿʤʝʥʰʝʥʝ 

ʟʥʘʯʝʥʥʷ ʟʘ ʟʘʤʦʚʯʫʚʘʥʥʷʤ ʚʘʛʠ ʮʴʦʛʦ ʢʨʠʪʝʨʽʶ (ʚʩʴʦʛʦ πȟρ) ʚʽʜʦʙʨʘʞʘʻ 

ʩʫʯʘʩʥʫ ʪʝʥʜʝʥʮʽʶ ʨʠʥʢʫ ʧʨʘʮʽ, ʜʝ ʬʦʨʤʘʣʴʥʠʡ ʜʠʧʣʦʤ ʪʘ ʘʢʘʜʝʤʽʯʥʽ ʩʪʫʧʝʥʽ 

ʯʘʩʪʦ ʻ ʤʝʥʰ ʢʨʠʪʠʯʥʠʤʠ ʬʘʢʪʦʨʘʤʠ ʧʦʨʽʚʥʷʥʦ ʟ ʨʝʘʣʴʥʠʤʠ ʧʨʘʢʪʠʯʥʠʤʠ 

ʢʦʤʧʝʪʝʥʮʽʷʤʠ. 

ʆʮʽʥʢʘ ʚʽʜ ʚʝʣʠʢʦʾ ʤʦʚʥʦʾ ʤʦʜʝʣʽ Ὓ  ʚʩʪʘʥʦʚʣʶʻʪʴʩʷ ʩʘʤʦʶ ʤʦʚʥʦʶ 

ʤʦʜʝʣʣʶ ʧʽʜ ʯʘʩ ʝʪʘʧʫ ʷʢʽʩʥʦʾ ʦʮʽʥʢʠ. ʎʝʡ ʧʘʨʘʤʝʪʨ ʜʦʟʚʦʣʷʻ ʤʦʚʥʽʡ ʤʦʜʝʣʽ 

ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʢʦʥʪʝʢʩʪ, ʷʢʠʡ ʚʘʞʢʦ ʚʠʤʽʨʷʪʠ ʩʪʨʦʛʠʤʠ ʤʘʪʝʤʘʪʠʯʥʠʤʠ 

ʬʦʨʤʫʣʘʤʠ: ʥʘʷʚʥʽʩʪʴ ʧʝʨʝʭʨʝʩʥʠʭ ʥʘʚʠʯʦʢ, ʣʦʛʽʢʫ ʥʝʣʽʥʽʡʥʠʭ ʢʘʨ'ʻʨʥʠʭ 

ʧʝʨʝʭʦʜʽʚ, ʟʘʛʘʣʴʥʠʡ ʧʦʪʝʥʮʽʘʣ ʢʘʥʜʠʜʘʪʘ ʪʦʱʦ. 

ɿʘʛʘʣʴʥʠʡ ʦʛʣʷʜ ʧʨʦʮʝʩʫ ʦʙʯʠʩʣʝʥʥʷ ʬʽʥʘʣʴʥʦʾ ʦʮʽʥʢʠ ʧʦʜʘʥʦ ʥʘ 

ʨʠʩʫʥʢʫ 2 ʫ ʚʠʛʣʷʜʽ ʜʽʘʛʨʘʤʠ. 
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ʈʠʩ. 2. ʇʨʦʮʝʩ ʦʙʯʠʩʣʝʥʥʷ ʬʽʥʘʣʴʥʦʾ ʦʮʽʥʢʠ  

ɼʣʷ ʨʽʟʥʠʭ ʝʪʘʧʽʚ ʘʥʘʣʽʟʫ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʚʫʟʴʢʦʩʧʝʮʽʘʣʽʟʦʚʘʥʽ 

ʤʦʜʝʣʽ, ʱʦ ʜʦʟʚʦʣʷʻ ʦʧʪʠʤʽʟʫʚʘʪʠ ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ, ʪʦʯʥʽʩʪʴ ʪʘ ʟʙʝʨʝʛʪʠ 

ʢʦʥʬʽʜʝʥʮʽʡʥʽʩʪʴ ʜʘʥʠʭ: 

¶ MamayLM v1.0 (12B) [4] ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʩʪʨʫʢʪʫʨʫʚʘʥʥʷ 

ʜʘʥʠʭ (ʧʝʨʝʪʚʦʨʝʥʥʷ ʪʝʢʩʪʫ ʥʘ JSON) ʪʘ ʚʽʜʧʦʚʽʜʘʻ ʟʘ ʬʽʥʘʣʴʥʠʡ 

ʘʥʘʣʽʟ ʪʘ ʘʨʛʫʤʝʥʪʘʮʽʶ. ʄʦʜʝʣʴ ʨʦʟʨʦʙʣʝʥʘ ʥʘ ʙʘʟʽ Gemma 3 

ʩʧʝʮʽʘʣʴʥʦ ʜʣʷ ʫʢʨʘʾʥʩʴʢʦʾ ʤʦʚʠ. ʋ ʥʝʟʘʣʝʞʥʦʤʫ ʪʝʩʪʫʚʘʥʥʽ 

UkrQualBench (ʩʽʯʝʥʴ 2026 ʨ.) [5] ʤʦʜʝʣʴ ʜʝʤʦʥʩʪʨʫʻ ʚʠʩʦʢʠʡ ʩʪʫʧʽʥʴ 

ʤʦʚʥʦʾ ʧʨʠʨʦʜʥʦʩʪʽ ʪʘ ʤʽʥʽʤʘʣʴʥʫ ʢʽʣʴʢʽʩʪʴ ʨʫʩʠʟʤʽʚ, ʫʩʧʽʰʥʦ 

ʢʦʥʢʫʨʫʶʯʠ ʪʘ ʧʝʨʝʚʝʨʰʫʶʯʠ ʙʘʛʘʪʦʤʦʚʥʽ ʤʦʜʝʣʽ ʟʘʛʘʣʴʥʦʛʦ 

ʧʨʠʟʥʘʯʝʥʥʷ ʨʦʟʤʽʨʦʤ ʧʦʥʘʜ 70 ʤʣʨʜ ʧʘʨʘʤʝʪʨʽʚ ʫ ʟʘʚʜʘʥʥʷʭ, ʱʦ 

ʧʦʪʨʝʙʫʶʪʴ ʣʽʥʛʚʽʩʪʠʯʥʦʾ ʪʦʯʥʦʩʪʽ. 

¶ ukr-paraphrase-multilingual-mpnet-base [3] ï ʮʝ ʝʤʙʝʜʠʥʛ-ʤʦʜʝʣʴ ʜʣʷ 

ʨʦʟʨʘʭʫʥʢʫ ʩʝʤʘʥʪʠʯʥʦʾ ʧʦʜʽʙʥʦʩʪʽ ʥʘʚʠʯʦʢ. ʆʙʨʘʥʘ ʪʦʤʫ, ʱʦ ʚʦʥʘ 

ʜʦʥʘʚʯʝʥʘ ʚʠʢʣʶʯʥʦ ʜʣʷ ʫʢʨʘʾʥʩʴʢʦʾ ʤʦʚʠ ʥʘ ʙʘʟʽ ʘʨʭʽʪʝʢʪʫʨʠ 

XLM -RoBERTa, ʱʦ ʜʦʟʚʦʣʷʻ ʝʬʝʢʪʠʚʥʦ ʧʝʨʝʪʚʦʨʶʚʘʪʠ ʫʢʨʘʾʥʦʤʦʚʥʽ 

ʪʝʢʩʪʠ ʫ 768-ʚʠʤʽʨʥʠʡ ʚʝʢʪʦʨʥʠʡ ʧʨʦʩʪʽʨ ʜʣʷ ʪʦʯʥʦʛʦ ʢʣʘʩʪʝʨʥʦʛʦ 

ʘʥʘʣʽʟʫ ʪʘ ʧʦʰʫʢʫ. 

ɿʘʜʘʯʘ ʚʠʟʥʘʯʝʥʥʷ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʨʝʟʶʤʝ ʚʠʤʦʛʘʤ ʚʘʢʘʥʩʽʾ ʧʝʨʝʜʙʘʯʘʻ 

ʧʦʜʘʣʴʰʝ ʬʦʨʤʫʚʘʥʥʷ ʚʧʦʨʷʜʢʦʚʘʥʦʛʦ ʩʧʠʩʢʫ ʢʘʥʜʠʜʘʪʽʚ. ɼʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ 

ʪʘʢʦʛʦ ʚʧʦʨʷʜʢʫʚʘʥʥʷ ʚʠʢʦʨʠʩʪʘʥʦ ʤʝʪʨʠʢʫ ʥʦʨʤʘʣʽʟʦʚʘʥʦʛʦ ʜʠʩʢʦʥʪʦʚʘʥʦʛʦ 
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ʢʫʤʫʣʷʪʠʚʥʦʛʦ ʚʠʛʨʘʰʫ (NDCG) [6], ʷʢʘ ʚʨʘʭʦʚʫʻ ʨʝʣʝʚʘʥʪʥʽʩʪʴ ʪʘ ʧʦʟʠʮʽʶ 

ʝʣʝʤʝʥʪʽʚ ʫ ʩʧʠʩʢʫ: 

ὈὅὋͽὯ
ᴘὰ

ÌÏÇὭ ρ
 

ὔὈὅὋͽὯ
ὈὅὋͽὯ

ὍὈὅὋͽὯ
 

ʜʝ Ὧ ï ʮʝ ʢʽʣʴʢʽʩʪʴ ʧʝʨʰʠʭ ʝʣʝʤʝʥʪʽʚ ʫ ʩʧʠʩʢʫ, ʜʣʷ ʷʢʠʭ ʦʙʯʠʩʣʶʻʪʴʩʷ ʤʝʪʨʠʢʘ, 

ᴘὰ ï ʨʽʚʝʥʴ ʨʝʣʝʚʘʥʪʥʦʩʪʽ ʢʘʥʜʠʜʘʪʘ ʥʘ ʧʦʟʠʮʽʾ Ὥ, ʘ ὍὈὅὋͽὯ ïʟʥʘʯʝʥʥʷ 

ὈὅὋͽὯ ʜʣʷ ʽʜʝʘʣʴʥʦʛʦ ʚʧʦʨʷʜʢʫʚʘʥʥʷ ʩʧʠʩʢʫ. 

ɼʣʷ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʾ ʦʮʽʥʢʠ ʩʬʦʨʤʦʚʘʥʦ ʪʝʩʪʦʚʠʡ ʥʘʙʽʨ, ʱʦ ʤʽʩʪʠʪʴ 

ʧʘʨʠ ñʨʝʟʶʤʝ-ʚʘʢʘʥʩʽʷò ʫ ʩʬʝʨʽ ʧʨʦʛʨʘʤʥʦʾ ʽʥʞʝʥʝʨʽʾ. ɼʣʷ ʢʦʞʥʦʾ ʚʘʢʘʥʩʽʾ 

ʧʽʜʛʦʪʦʚʣʝʥʦ ʧʦ 10 ʨʝʟʶʤʝ ʟ ʨʽʟʥʠʤ ʨʽʚʥʝʤ ʚʽʜʧʦʚʽʜʥʦʩʪʽ. ʂʦʞʥʦʤʫ ʨʝʟʶʤʝ 

ʧʨʠʟʥʘʯʝʥʦ ʨʽʚʝʥʴ ʨʝʣʝʚʘʥʪʥʦʩʪʽ ᴘὰᶰ͵πȟρȟςȟσ͵ , ʜʝ 3 ʚʽʜʧʦʚʽʜʘʻ 

ʤʘʢʩʠʤʘʣʴʥʽʡ ʨʝʣʝʚʘʥʪʥʦʩʪʽ, ʘ 0 ï ʾʾ ʚʽʜʩʫʪʥʦʩʪʽ. ʅʘ ʦʩʥʦʚʽ ʮʠʭ ʦʮʽʥʦʢ 

ʧʦʙʫʜʦʚʘʥʦ ʝʪʘʣʦʥʥʽ ʨʘʥʞʫʚʘʥʥʷ, ʟ ʷʢʠʤʠ ʧʦʨʽʚʥʶʶʪʴʩʷ ʨʝʟʫʣʴʪʘʪʠ ʨʦʙʦʪʠ 

ʩʠʩʪʝʤʠ. ʋ ʪʘʙʣʠʮʽ 1 ʧʦʜʘʥʦ ʦʪʨʠʤʘʥʽ ʟʥʘʯʝʥʥʷ ʤʝʪʨʠʢʠ ὔὈὅὋͽρπ ʜʣʷ 

ʪʝʩʪʦʚʠʭ ʜʘʥʠʭ. 

ʊʘʙʣ. 1. ʆʮʽʥʢʘ ʷʢʦʩʪʽ ʨʘʥʞʫʚʘʥʥʷ 

ɺʘʢʘʥʩʽʷ ὔὈὅὋͽρπ 

Python Backend Developer πȟωπτς 

Frontend React Developer πȟωρυχ 

DevOps Engineer πȟψφως 

 

ʋ ʨʦʙʦʪʽ ʨʦʟʨʦʙʣʝʥʦ ʩʠʩʪʝʤʫ ʜʣʷ ʘʥʘʣʽʟʫ ʚʽʜʧʦʚʽʜʥʦʩʪʽ ʨʝʟʶʤʝ ʚʠʤʦʛʘʤ 

ʚʘʢʘʥʩʽʡ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʚʝʣʠʢʠʭ ʤʦʚʥʠʭ ʤʦʜʝʣʝʡ. ʇʽʜʭʽʜ ʧʦʻʜʥʫʻ 

ʜʝʪʝʨʤʽʥʦʚʘʥʽ ʤʝʪʦʜʠ ʽʟ ʩʝʤʘʥʪʠʯʥʠʤ ʘʥʘʣʽʟʦʤ, ʱʦ ʜʘʻ ʟʤʦʛʫ ʚʨʘʭʦʚʫʚʘʪʠ 

ʟʤʽʩʪ ʪʝʢʩʪʫ, ʘ ʥʝ ʣʠʰʝ ʢʣʶʯʦʚʽ ʩʣʦʚʘ. ʇʽʜʩʫʤʢʦʚʘ ʦʮʽʥʢʘ ʬʦʨʤʫʻʪʴʩʷ ʟ 

ʫʨʘʭʫʚʘʥʥʷʤ ʥʘʚʠʯʦʢ, ʜʦʩʚʽʜʫ, ʦʩʚʽʪʠ ʪʘ ʜʦʜʘʪʢʦʚʦʾ ʦʮʽʥʢʠ, ʦʪʨʠʤʘʥʦʾ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʚʝʣʠʢʦʾ ʤʦʚʥʦʾ ʤʦʜʝʣʽ. 
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ɺʀʗɺʃɽʅʅʗ ʌɽʁʂʆɺʀʍ ʅʆɺʀʅ ɿɸ ɼʆʇʆʄʆɻʆʖ 

ʊʈɸʅʉʌʆʈʄɽʈʅʀʍ ʄʆɼɽʃɽʁ ɻʃʀɹʆʂʆɻʆ ʅɸɺʏɸʅʅʗ 

ʉʦʬʽʷ ʈʝʭʤʘʥ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

sofiia.rekhman@lnu.edu.ua 

ʋ ʩʫʯʘʩʥʦʤʫ ʽʥʬʦʨʤʘʮʽʡʥʦʤʫ ʧʨʦʩʪʦʨʽ ʧʨʦʙʣʝʤʘ ʧʦʰʠʨʝʥʥʷ ʬʝʡʢʦʚʠʭ 

ʥʦʚʠʥ ʥʘʙʫʣʘ ʢʨʠʪʠʯʥʦʛʦ ʟʥʘʯʝʥʥʷ. ɿʨʦʩʪʘʥʥʷ ʦʙʩʷʛʽʚ ʜʘʥʠʭ ʪʘ ʰʚʠʜʢʽʩʪʴ ʾʭ 

ʨʦʟʧʦʚʩʶʜʞʝʥʥʷ ʫʩʢʣʘʜʥʶʶʪʴ ʟʘʜʘʯʫ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʠʷʚʣʝʥʥʷ 

ʥʝʜʦʩʪʦʚʽʨʥʦʾ ʽʥʬʦʨʤʘʮʽʾ. ʋ ʨʦʙʦʪʽ ʨʦʟʛʣʷʥʫʪʦ ʟʘʜʘʯʫ ʙʽʥʘʨʥʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʥʦʚʠʥ ʪʘ ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʢʣʘʩʠʯʥʠʭ ʤʝʪʦʜʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

(Naive Bayes, Random Forest, Logistic Regression, SVM, XGBoost, LightGBM) ʽʟ 

ʪʨʘʥʩʬʦʨʤʝʨʥʠʤʠ ʤʦʜʝʣʷʤʠ (DistilBERT, BERT, RoBERTa). 

ʊʨʘʜʠʮʽʡʥʽ ʤʝʪʦʜʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʝʤʦʥʩʪʨʫʶʪʴ ʦʙʤʝʞʝʥʫ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʨʠ ʨʦʙʦʪʽ ʟ ʪʝʢʩʪʘʤʠ ʩʢʣʘʜʥʦʾ ʩʪʨʫʢʪʫʨʠ, ʦʩʢʽʣʴʢʠ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʩʧʨʦʱʝʥʽ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʪʝʢʩʪʫ ʪʘ ʥʝ ʚʨʘʭʦʚʫʶʪʴ ʧʦʚʥʦʶ 

ʤʽʨʦʶ ʢʦʥʪʝʢʩʪʥʽ ʟʘʣʝʞʥʦʩʪʽ ʤʽʞ ʩʣʦʚʘʤʠ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ ʦʙˇʨʫʥʪʦʚʘʥʦ 

ʜʦʮʽʣʴʥʽʩʪʴ ʚʠʢʦʨʠʩʪʘʥʥʷ ʪʨʘʥʩʬʦʨʤʝʨʥʠʭ ʤʦʜʝʣʝʡ, ʷʢʽ ʙʘʟʫʶʪʴʩʷ ʥʘ 

ʤʝʭʘʥʽʟʤʽ ʫʚʘʛʠ ʪʘ ʜʦʟʚʦʣʷʶʪʴ ʚʨʘʭʦʚʫʚʘʪʠ ʚʟʘʻʤʦʟʚôʷʟʢʠ ʤʽʞ ʩʣʦʚʘʤʠ ʫ ʚʩʽʡ 

ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʪʝʢʩʪʫ. ʎʝ ʻ ʦʩʦʙʣʠʚʦ ʚʘʞʣʠʚʠʤ ʜʣʷ ʟʘʜʘʯʽ ʚʠʷʚʣʝʥʥʷ ʬʝʡʢʦʚʠʭ 

ʥʦʚʠʥ, ʜʝ ʟʤʽʩʪ ʧʦʚʽʜʦʤʣʝʥʥʷ ʯʘʩʪʦ ʚʠʟʥʘʯʘʻʪʴʩʷ ʥʝ ʦʢʨʝʤʠʤʠ ʩʣʦʚʘʤʠ, ʘ ʾʭ 

ʢʦʥʪʝʢʩʪʦʤ ʽ ʚʟʘʻʤʥʠʤ ʨʦʟʪʘʰʫʚʘʥʥʷʤ. 

ʄʝʭʘʥʽʟʤ ʩʘʤʦʫʚʘʛʠ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ ʚʠʟʥʘʯʘʪʠ ʚʘʞʣʠʚʽʩʪʴ ʢʦʞʥʦʛʦ 

ʩʣʦʚʘ ʫ ʢʦʥʪʝʢʩʪʽ ʚʩʴʦʛʦ ʨʝʯʝʥʥʷ. ɼʣʷ ʢʦʞʥʦʛʦ ʪʦʢʝʥʘ ʦʙʯʠʩʣʶʶʪʴʩʷ ʪʨʠ 

ʚʝʢʪʦʨʠ: ʟʘʧʠʪ (query), ʢʣʶʯ (key) ʪʘ ʟʥʘʯʝʥʥʷ (value): 

ὗ ὢὡ ȟὑ ὢὡ ȟὠ ὢὡ ȟ     (1) 

ʜʝ ὢ ï ʤʘʪʨʠʮʷ ʚʭʽʜʥʠʭ ʝʤʙʝʜʠʥʛʽʚ, ὡ ȟὡ ȟὡ  ï ʤʘʪʨʠʮʽ ʚʘʛ, ʱʦ 

ʥʘʚʯʘʶʪʴʩʷ. ɼʘʣʽ ʦʙʯʠʩʣʶʻʪʴʩʷ ʫʚʘʛʘ ʷʢ ʥʦʨʤʘʣʽʟʦʚʘʥʠʡ ʩʢʘʣʷʨʥʠʡ ʜʦʙʫʪʦʢ 

ʤʽʞ ʟʘʧʠʪʘʤʠ ʪʘ ʢʣʶʯʘʤʠ: 

ὃὸὸὩὲὸὭέὲὗȟὑȟὠ ίέὪὸάὥὼὠ    (2) 

ʅʦʨʤʫʚʘʥʥʷ ʥʘ Ὠ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʟʘʧʦʙʽʛʘʥʥʷ ʥʘʜʤʽʨʥʦʤʫ 

ʟʨʦʩʪʘʥʥʶ ʟʥʘʯʝʥʴ ʩʢʘʣʷʨʥʦʛʦ ʜʦʙʫʪʢʫ, ʱʦ ʩʪʘʙʽʣʽʟʫʻ ʛʨʘʜʽʻʥʪʠ ʧʽʜ ʯʘʩ 

ʥʘʚʯʘʥʥʷ. ʆʪʨʠʤʘʥʠʡ ʨʝʟʫʣʴʪʘʪ ʻ ʟʚʘʞʝʥʦʶ ʩʫʤʦʶ ʚʝʢʪʦʨʽʚ V, ʜʝ ʚʘʛʠ 

ʚʠʟʥʘʯʘʶʪʴʩʷ ʨʝʣʝʚʘʥʪʥʽʩʪʶ ʤʽʞ ʩʣʦʚʘʤʠ. 



151 

 

ɼʣʷ ʟʘʜʘʯʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚʠʭʽʜʥʠʡ ʚʝʢʪʦʨ 

ʩʧʝʮʽʘʣʴʥʦʛʦ ʪʦʢʝʥʘ [CLS], ʷʢʠʡ ʧʦʜʘʻʪʴʩʷ ʥʘ ʧʦʚʥʦʟʚôʷʟʥʠʡ ʰʘʨ:  

Ὤ ὝὶὥὲίὪέὶάὩὶὼ       (3) 

ώͮ ίέὪὸάὥὼὡὬ ὦ      (4) 

ʜʝ Ὤ  ï ʧʨʠʭʦʚʘʥʝ ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʚʩʴʦʛʦ ʪʝʢʩʪʫ. ʁʤʦʚʽʨʥʦʩʪʽ ʢʣʘʩʽʚ 

ʚʠʟʥʘʯʘʶʪʴʩʷ ʬʫʥʢʮʽʻʶ softmax, ʱʦ ʜʦʟʚʦʣʷʻ ʽʥʪʝʨʧʨʝʪʫʚʘʪʠ ʚʠʭʽʜ ʷʢ 

ʨʦʟʧʦʜʽʣ ʡʤʦʚʽʨʥʦʩʪʝʡ. 

ʅʘʚʯʘʥʥʷ ʤʦʜʝʣʽ ʟʜʽʡʩʥʶʻʪʴʩʷ ʰʣʷʭʦʤ ʤʽʥʽʤʽʟʘʮʽʾ ʬʫʥʢʮʽʾ ʚʪʨʘʪ ʢʨʦʩ-

ʝʥʪʨʦʧʽʾ:  

ὒ В ώὰέὫώͮ        (5) 

ʜʝ ώ ï ʽʩʪʠʥʥʽ ʤʽʪʢʠ ʢʣʘʩʽʚ, ώͮ ï ʧʝʨʝʜʙʘʯʝʥʽ ʡʤʦʚʽʨʥʦʩʪʽ. ɼʘʥʘ ʬʫʥʢʮʽʷ 

ʰʪʨʘʬʫʻ ʤʦʜʝʣʴ ʟʘ ʥʝʧʨʘʚʠʣʴʥʽ ʧʝʨʝʜʙʘʯʝʥʥʷ ʪʘ ʩʪʠʤʫʣʶʻ ʟʙʽʣʴʰʝʥʥʷ 

ʡʤʦʚʽʨʥʦʩʪʽ ʧʨʘʚʠʣʴʥʦʛʦ ʢʣʘʩʫ.  

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ ʜʝʤʦʥʩʪʨʫʶʪʴ ʧʝʨʝʚʘʛʫ ʪʨʘʥʩʬʦʨʤʝʨʥʠʭ 

ʤʦʜʝʣʝʡ ʥʘʜ ʢʣʘʩʠʯʥʠʤʠ ʧʽʜʭʦʜʘʤʠ, ʱʦ ʫʟʛʦʜʞʫʻʪʴʩʷ ʟ ʪʝʦʨʝʪʠʯʥʠʤʠ 

ʦʯʽʢʫʚʘʥʥʷʤʠ ʱʦʜʦ ʾʭ ʟʜʘʪʥʦʩʪʽ ʚʨʘʭʦʚʫʚʘʪʠ ʢʦʥʪʝʢʩʪ ʪʝʢʩʪʫ. ʆʪʨʠʤʘʥʽ 

ʟʥʘʯʝʥʥʷ ʤʝʪʨʠʢʠ accuracy ʜʣʷ ʨʽʟʥʠʭ ʤʦʜʝʣʝʡ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣʠʮʽ. 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʝʬʝʢʪʠʚʥʦʩʪʽ ʤʦʜʝʣʝʡ 

ʄʦʜʝʣʴ Accuracy 

Naive Bayes 0.9594 

Random Forest 0.9881 

Logistic Regression 0.9894 

XGBoost 0.9957 

Support Vector Machine 0.9958 

LightGBM 0.9963 

Distilbert 0.9981 

Bert-base 0.9987 

Roberta 0.9999 
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ʊʘʢʠʤ ʯʠʥʦʤ, ʧʽʜʪʚʝʨʜʞʝʥʦ, ʱʦ ʪʨʘʥʩʬʦʨʤʝʨʥʽ ʤʦʜʝʣʽ ʜʝʤʦʥʩʪʨʫʶʪʴ 

ʚʠʱʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʟʘʜʘʯʽ ʚʠʷʚʣʝʥʥʷ ʬʝʡʢʦʚʠʭ ʥʦʚʠʥ ʧʦʨʽʚʥʷʥʦ ʟ 

ʢʣʘʩʠʯʥʠʤʠ ʤʝʪʦʜʘʤʠ. ɺʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʮʝ ʦʙʫʤʦʚʣʝʥʦ ʾʭ ʟʜʘʪʥʽʩʪʶ 

ʚʨʘʭʦʚʫʚʘʪʠ ʛʣʦʙʘʣʴʥʽ ʢʦʥʪʝʢʩʪʥʽ ʟʘʣʝʞʥʦʩʪʽ ʚ ʪʝʢʩʪʽ, ʱʦ ʻ ʢʨʠʪʠʯʥʠʤ ʜʣʷ 

ʢʦʨʝʢʪʥʦʾ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʟʤʽʩʪʫ ʥʦʚʠʥ. ʇʦʜʘʣʴʰʽ ʜʦʩʣʽʜʞʝʥʥʷ ʙʫʜʝ ʩʧʨʷʤʦʚʘʥʦ 

ʥʘ ʦʧʪʠʤʽʟʘʮʽʶ ʤʦʜʝʣʝʡ ʪʘ ʟʤʝʥʰʝʥʥʷ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʚʠʪʨʘʪ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 
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ɸʢʪʫʘʣʴʥʽʩʪʴ ʜʦʩʣʽʜʞʝʥʥʷ ʟʫʤʦʚʣʝʥʘ ʥʝʦʙʭʽʜʥʽʩʪʶ ʚʜʦʩʢʦʥʘʣʝʥʥʷ 

ʯʠʩʣʦʚʠʭ ʤʝʪʦʜʽʚ ʤʦʜʝʣʶʚʘʥʥʷ ʤʽʛʨʘʮʽʾ ʜʦʤʽʰʦʢ ʜʣʷ ʝʢʦʣʦʛʽʯʥʦʛʦ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ʄʘʪʝʤʘʪʠʯʥʦ ʪʘʢʽ ʧʨʦʮʝʩʠ ʦʧʠʩʫʶʪʴʩʷ ʢʨʘʡʦʚʠʤʠ ʟʘʜʘʯʘʤʠ 

ʜʣʷ ʜʠʬʝʨʝʥʮʽʘʣʴʥʠʭ ʨʽʚʥʷʥʴ ʜʨʫʛʦʛʦ ʧʦʨʷʜʢʫ ʪʠʧʫ ʘʜʚʝʢʮʽʾ-ʜʠʬʫʟʽʾ-ʨʝʘʢʮʽʾ, 

ʜʝ ʥʘʷʚʥʽʩʪʴ ʤʘʣʠʭ ʧʘʨʘʤʝʪʨʽʚ ʧʨʠ ʩʪʘʨʰʠʭ ʧʦʭʽʜʥʠʭ ʚʠʢʣʠʢʘʻ ʩʠʥʛʫʣʷʨʥʽ 

ʟʙʫʨʝʥʥʷ - ʚʫʟʴʢʽ ʟʦʥʠ ʟ ʥʘʜʪʦ ʩʪʨʽʤʢʦʶ ʟʤʽʥʦʶ ʨʦʟʚ'ʷʟʢʫ. ʆʩʢʽʣʴʢʠ ʩʪʘʥʜʘʨʪʥʽ 

ʤʝʪʦʜʠ ʥʘ ʨʽʚʥʦʤʽʨʥʠʭ ʩʽʪʢʘʭ ʧʨʠʟʚʦʜʷʪʴ ʜʦ ʥʝʬʽʟʠʯʥʠʭ ʦʩʮʠʣʷʮʽʡ ʘʙʦ 

ʥʝʚʠʧʨʘʚʜʘʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʚʠʪʨʘʪ, ʧʝʨʩʧʝʢʪʠʚʥʠʤ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ h-
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ʘʜʘʧʪʠʚʥʦʛʦ ʤʝʪʦʜʫ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ (ʄʉɽ). ʎʝʡ ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ, 

ʩʧʠʨʘʶʯʠʩʴ ʥʘ ʘʧʦʩʪʝʨʽʦʨʥʽ ʦʮʽʥʢʠ ʧʦʭʠʙʢʠ, ʘʚʪʦʤʘʪʠʯʥʦ ʢʦʥʮʝʥʪʨʫʚʘʪʠ 

ʚʫʟʣʠ ʨʦʟʨʘʭʫʥʢʦʚʦʾ ʩʽʪʢʠ ʚʠʢʣʶʯʥʦ ʫ ʧʨʦʙʣʝʤʥʠʭ ʜʽʣʷʥʢʘʭ. 

ʈʝʟʫʣʴʪʘʪʠ ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʩʥʦʚʘʥʦ ʥʘ ʤʘʪʝʨʽʘʣʘʭ ʩʪʘʪʪʽ [1] ʪʘ 

ʤʦʥʦʛʨʘʬʽʡ [2,3]. 

ʂʨʘʡʦʚʘ ʟʘʜʘʯʘ ʪʘ ʾʾ ʚʘʨʽʘʮʽʡʥʝ ʬʦʨʤʫʣʶʚʘʥʥʷ 

ʈʦʟʛʣʷʥʝʤʦ  ʢʨʘʡʦʚʫ ʟʘʜʘʯʫ ʧʨʦ  ʨʦʟʧʦʜʽʣ ʢʦʥʮʝʥʪʨʘʮʽʾ ʜʦʤʽʰʢʠ όὼ 

ʥʘ ʽʥʪʝʨʚʘʣʽ ɋπȟρȡ 

Ὠ

Ὠὼ
‘ὼ

Ὠόὼ

Ὠὼ
‍ὼ

Ὠόὼ

Ὠὼ
„ὼόὼ Ὢὼ

ρ

 

ʽʟ ʢʨʘʡʦʚʠʤʠ ʫʤʦʚʘʤʠ όπ π ʪʘ ‘ ȿ ‌όρ ό. 

ʊʫʪ ‘ - ʢʦʝʬʽʮʽʻʥʪ ʜʠʬʫʟʽʾ, ‍ - h ʚʠʜʢʽʩʪʴ ʘʜʚʝʢʮʽʾ, „ - ʢʦʝʬʽʮʽʻʥʪ ʨʝʘʢʮʽʾ. 

ɼʣʷ ʧʦʙʫʜʦʚʠ ʜʠʩʢʨʝʪʥʦʾ ʤʦʜʝʣʽ ʚʚʦʜʠʪʴʩʷ ʚʘʨʽʘʮʽʡʥʝ ʬʦʨʤʫʣʶʚʘʥʥʷ: 

ʟʥʘʡʪʠ ʬʫʥʢʮʽʶ όᶰὠ, ʪʘʢʫ ʱʦ ʜʣʷ ʙʫʜʴ-ʷʢʦʾ ὺɴ ὠ ʚʠʢʦʥʫʻʪʴʩʷ ʨʽʚʥʽʩʪʴ 

ὧ(ό,ὺ)=ἂὰ,ὺἃ, ʜʝ ʙʽʣʽʥʽʡʥʘ ʬʦʨʤʘ ὧόȟὺ ʚʠʟʥʘʯʘʻ ʝʥʝʨʛʝʪʠʯʥʫ ʥʦʨʤʫ ʧʨʦʩʪʦʨʫ 

ȿὺȿ ὧὺȟὺȢ  

ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʽ ʘʧʨʦʢʩʠʤʘʮʽʾ ʄʉɽ 

ʇʝʨʝʭʽʜ ʜʦ ʜʠʩʢʨʝʪʥʦʾ ʤʦʜʝʣʽ ʧʦʯʠʥʘʻʪʴʩʷ ʟ ʧʦʜʽʣʫ ʚʽʜʨʽʟʢʘ ɋ = (0,1) ʥʘ 

N ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ὑ Ⱦ ὼȟὼ  ʜʦʚʞʠʥʠ Ὤ Ⱦ. ʅʘʙʣʠʞʝʥʠʡ 

ʨʦʟʚ'ʷʟʦʢ ʥʘ ʢʦʞʥʦʤʫ ʝʣʝʤʝʥʪʽ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʣʽʥʽʡʥʦʶ ʟʘʣʝʞʥʽʩʪʶ ʽ ʚ 

ʛʣʦʙʘʣʴʥʦʤʫ ʚʠʛʣʷʜʽ ʰʫʢʘʻʪʴʩʷ ʷʢ ʣʽʥʽʡʥʘ ʢʦʤʙʽʥʘʮʽʷ ʢʣʘʩʠʯʥʠʭ ʙʘʟʠʩʥʠʭ 

ʬʫʥʢʮʽʡ ʂʫʨʘʥʪʘ. ɼʣʷ ʧʽʜʚʠʱʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʘʣʛʦʨʠʪʤʫ ʪʘ ʩʧʨʦʱʝʥʥʷ 

ʡʦʛʦ ʧʨʦʛʨʘʤʥʦʾ ʨʝʘʣʽʟʘʮʽʾ ʽʥʪʝʛʨʫʚʘʥʥʷ ʥʘ ʢʦʞʥʦʤʫ ʩʢʽʥʯʝʥʥʦʤʫ ʝʣʝʤʝʥʪʽ 

ʟʘʤʽʥʶʻʪʴʩʷ ʥʘʙʣʠʞʝʥʠʤ, ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʪʝʦʨʝʤʫ ʧʨʦ ʩʝʨʝʜʥʻ, ʜʝ ʬʽʟʠʯʥʽ 

ʧʘʨʘʤʝʪʨʠ ʦʙʯʠʩʣʶʶʪʴʩʷ ʫ ʮʝʥʪʨʽ ʚʘʛʠ ʝʣʝʤʝʥʪʘ ὼ Ⱦ  ʽ ʚʠʥʦʩʷʪʴʩʷ ʟʘ ʟʥʘʢ 

ʽʥʪʝʛʨʘʣʘ ʷʢ ʢʦʥʩʪʘʥʪʠ. 

ɸʧʦʩʪʝʨʽʦʨʥʽ ʦʮʽʥʶʚʘʯʽ ʧʦʭʠʙʦʢ ʘʧʨʦʢʩʠʤʘʮʽʡ 

ʂʝʨʫʚʘʥʥʷ ʣʦʢʘʣʴʥʠʤ ʟʛʫʱʝʥʥʷʤ ʩʽʪʢʠ ʙʘʟʫʻʪʴʩʷ ʥʘ ʘʧʦʩʪʝʨʽʦʨʥʠʭ 

ʦʮʽʥʶʚʘʯʘʭ. ʇʦʭʠʙʢʘ ʥʘ ʢʦʞʥʦʤʫ ʝʣʝʤʝʥʪʽ ʥʘʙʣʠʞʘʻʪʴʩʷ ʣʽʥʽʡʥʦʶ 

ʢʦʤʙʽʥʘʮʽʻʶ ʙʘʙʣ-ʬʫʥʢʮʽʡ b(x), ʱʦ ʜʦʟʚʦʣʷʻ ʦʙʯʠʩʣʶʚʘʪʠ ʾʾ ʽʟʦʣʴʦʚʘʥʦ, ʙʝʟ 

ʟʘʣʫʯʝʥʥʷ ʩʫʤʽʞʥʠʭ ʚʫʟʣʽʚ. 
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¶ ʂʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʠʡ ʦʮʽʥʶʚʘʯ. ɺʠʢʦʨʠʩʪʦʚʫʻ ʙʘʙʣ-ʬʫʥʢʮʽʶ 

ὦὼ τρ ‫ ϳ ὼ ‫ ϳ ὼ. ʆʨʪʦʛʦʥʘʣʴʥʽʩʪʴ ʙʘʙʣ-ʬʫʥʢʮʽʾ ʜʘʻ ʟʤʦʛʫ 

ʚʠʟʥʘʯʠʪʠ ʘʤʧʣʽʪʫʜʫ ʧʦʭʠʙʢʠ ʥʘ ʝʣʝʤʝʥʪʽ ʟʘ ʛʦʪʦʚʦʶ ʬʦʨʤʫʣʦʶ: 

‗ Ⱦ

υ

τ

Ὤ

‘

Ὢ ‍ήȕ „ή

ρπὖὩẗὛὬ
Ⱦ

ς

 

ʜʝ Pe ʪʘ Sh ï ʣʦʢʘʣʴʥʽ ʩʽʪʢʦʚʽ ʯʠʩʣʘ ʇʝʢʣʝ ʽ ʉʪʨʫʭʘʣʷ , ʷʢʽ ʥʘ ʢʦʞʥʦʤʫ ʝʣʝʤʝʥʪʽ 

ʚʠʟʥʘʯʘʶʪʴʩʷ ʩʧʽʚʚʽʜʥʦʰʝʥʥʷʤʠ ὖὩ  ʪʘ ὛὬ . ʂʚʘʜʨʘʪ ʝʥʝʨʛʝʪʠʯʥʦʾ 

ʥʦʨʤʠ ʧʦʭʠʙʢʠ ʜʣʷ ʮʴʦʛʦ ʦʮʽʥʶʚʘʯʘ ʜʦʨʽʚʥʶʻ: 

ᴁ‐ᴁ
υ

φ

Ὤ

‘

Ὢ ‍ήȕ „ή

ρπὖὩẗὛὬ
Ⱦ

σ

 

¶ ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʡ ʦʮʽʥʶʚʘʯ. ʎʝʡ ʤʝʪʦʜ ʧʦʪʨʝʙʫʻ ʤʝʥʰʠʭ 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʟʘʪʨʘʪ ʽ ʨʝʘʣʽʟʫʻʪʴʩʷ ʰʣʷʭʦʤ ʣʦʢʘʣʴʥʦʛʦ ʧʦʜʽʣʫ ʩʽʪʢʠ ʥʘʚʧʽʣ. 

ɺʽʜʧʦʚʽʜʥʘ ʘʤʧʣʽʪʫʜʘ ʧʦʭʠʙʢʠ ʩʪʘʥʦʚʠʪʴ: 

‗ Ⱦ

σ

ς

Ὤ

‘

Ὢ „ή ‍ ‘ȕήȕ

ρςὛὬ
Ⱦ

τ

 

ɸ ʢʚʘʜʨʘʪ ʝʥʝʨʛʝʪʠʯʥʦʾ ʥʦʨʤʠ ʧʦʭʠʙʢʠ ʜʣʷ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʛʦ 

ʦʮʽʥʶʚʘʯʘ ʦʙʯʠʩʣʶʻʪʴʩʷ ʪʘʢ: 

ᴁ‐ᴁ
σ

τ

Ὤ

‘

Ὢ ‍ ‘ȕήȕ „ή

ρςὛὬ
Ⱦ

υ

 

ʉʪʨʘʪʝʛʽʷ ʘʜʘʧʪʫʚʘʥʥʷ ʩʽʪʢʠ 

ʅʘ ʦʩʥʦʚʽ ʦʙʯʠʩʣʝʥʠʭ ʣʦʢʘʣʴʥʠʭ ʝʥʝʨʛʝʪʠʯʥʠʭ ʥʦʨʤ ʬʦʨʤʫʻʪʴʩʷ ʤʘʩʠʚ 

ʽʥʜʠʢʘʪʦʨʽʚ ʧʦʭʠʙʢʠ – Ⱦ, ʱʦ ʚʽʜʦʙʨʘʞʘʶʪʴ ʣʦʢʘʣʴʥʠʡ ʨʽʚʝʥʴ ʥʝʪʦʯʥʦʩʪʽ ʥʘ 

ʢʦʞʥʦʤʫ ʩʢʽʥʯʝʥʥʦʤʫ ʝʣʝʤʝʥʪʽ: 

–
Ѝὔᴁ‐ᴁ

ᴁόᴁ ᴁ‐ᴁ
ρππϷ

φ

 

ʜʝ ʢʚʘʜʨʘʪ ʣʦʢʘʣʴʥʦʾ ʝʥʝʨʛʝʪʠʯʥʦʾ ʥʦʨʤʠ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʥʘ 

ʝʣʝʤʝʥʪʽ ʜʦʨʽʚʥʶʻ: 
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ȿόȿ ό ὼ Ὠὼ Ὤήȕ

χ

 

ɽʣʝʤʝʥʪʠ, ʜʝ ʽʥʜʠʢʘʪʦʨ ʧʦʭʠʙʢʠ ʧʝʨʝʚʠʱʫʻ ʜʦʧʫʩʢ, ʧʦʜʨʽʙʥʶʶʪʴʩʷ 

ʥʘʚʧʽʣ ʰʣʷʭʦʤ ʜʦʜʘʚʘʥʥʷ ʮʝʥʪʨʘʣʴʥʦʛʦ ʚʫʟʣʘ. ʎʝʡ ʽʪʝʨʘʮʽʡʥʠʡ ʧʨʦʮʝʩ 

ʟʛʫʱʝʥʥʷ ʪʨʠʚʘʻ ʜʦ ʜʦʩʷʛʥʝʥʥʷ ʟʘʜʘʥʦʾ ʪʦʯʥʦʩʪʽ ʥʘ ʚʩʽʡ ʦʙʣʘʩʪʽ. 

ɽʬʝʢʪʠʚʥʽʩʪʴ ʘʜʘʧʪʘʮʽʾ ʦʮʽʥʶʻʪʴʩʷ ʧʦʢʘʟʥʠʢʦʤ ʥʝʨʝʛʫʣʷʨʥʦʩʪʽ ʩʽʪʢʠ 

(Ὤ ȾὬ ) - ʚʽʜʥʦʰʝʥʥʷʤ ʤʘʢʩʠʤʘʣʴʥʦʛʦ ʢʨʦʢʫ ʨʦʟʙʠʪʪʷ ʜʦ ʤʽʥʽʤʘʣʴʥʦʛʦ. 

ɺʽʥ ʢʽʣʴʢʽʩʥʦ ʧʦʢʘʟʫʻ, ʫ ʩʢʽʣʴʢʠ ʨʘʟʽʚ ʢʦʥʮʝʥʪʨʘʮʽʷ ʚʫʟʣʽʚ ʫ ʟʦʥʘʭ 

ʩʠʥʛʫʣʷʨʥʦʩʪʝʡ ʧʝʨʝʚʠʱʫʻ ʱʽʣʴʥʽʩʪʴ ʥʘ ʜʽʣʷʥʢʘʭ ʽʟ ʧʣʘʚʥʠʤ ʧʝʨʝʙʽʛʦʤ 

ʨʦʟʚ'ʷʟʢʫ. 

ɸʥʘʣʽʟ ʯʠʩʣʦʚʠʭ ʨʝʟʫʣʴʪʘʪʽʚ 

ʈʦʟʛʣʷʥʝʤʦ ʟʘʜʘʯʫ ʥʘ ʚʽʜʨʽʟʢʫ ὼɴ ρȟρ ʟ ʧʘʨʘʤʝʪʨʘʤʠ ‘ ρȢπȟ‍

ρππȢπȟ„ ρππȢπ ʪʘ ʜʞʝʨʝʣʦʤ Ὢὼ υππὩ . ʇʦʯʘʪʢʦʚʘ ʩʽʪʢʘ ʩʪʘʥʦʚʠʣʘ 

ʨʽʚʥʦʤʽʨʥʠʡ ʧʦʜʽʣ ʥʘ 10 ʝʣʝʤʝʥʪʽʚ, ʜʦʧʫʩʪʠʤʠʡ ʨʽʚʝʥʴ ʧʦʭʠʙʢʠ – ρπϷȢ ɼʣʷ 

ʜʦʩʷʛʥʝʥʥʷ ʮʽʻʾ ʪʦʯʥʦʩʪʽ ʚʠʢʦʥʘʥʦ 10 ʢʨʦʢʽʚ ʘʜʘʧʪʘʮʽʾ ʩʽʪʢʠ; ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ 

ʟʙʽʞʥʦʩʪʽ ʜʣʷ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʛʦ ʪʘ ʢʚʘʜʨʘʪʠʯʥʦʛʦ ʦʮʽʥʶʚʘʯʽʚ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 

1 ʪʘ 2. 

 
ʈʠʩ. 1. ʃʽʥʽʡʥʠʡ ʦʮʽʥʶʚʘʯ: ʥʘʙʣʠʞʝʥʠʡ ʨʦʟʚ'ʷʟʦʢ ʥʘ 2-ʡ ʪʘ ʬʽʥʘʣʴʥʽʡ ʽʪʝʨʘʮʽʷʭ 

(ʣʽʚʦʨʫʯ) ʪʘ ʧʦʨʽʚʥʷʥʥʷ ʬʽʥʘʣʴʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʽʥʜʠʢʘʪʦʨʽʚ ʧʦʭʠʙʦʢ(ʧʨʘʚʦʨʫʯ) 

ɻʨʘʬʽʢ ʣʽʚʦʨʫʯ ʥʘ ʨʠʩ. 1 ʥʘʦʯʥʦ ʜʝʤʦʥʩʪʨʫʻ ʧʝʨʝʚʘʛʠ h-ʘʜʘʧʪʠʚʥʦʛʦ 

ʘʣʛʦʨʠʪʤʫ ʜʣʷ ʩʠʥʛʫʣʷʨʥʦ ʟʙʫʨʝʥʦʾ ʟʘʜʘʯʽ ʽʟ ʜʦʤʽʥʫʚʘʥʥʷʤ ʢʦʥʚʝʢʮʽʾ (Pe=200, 

Sh=400). ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʧʦʯʘʪʢʦʚʦʾ ʛʨʫʙʦʾ ʩʽʪʢʠ (N=20), ʱʦ ʩʧʨʠʯʠʥʷʻ 

ʥʝʬʽʟʠʯʥʽ ʦʩʮʠʣʷʮʽʾ, ʘʜʘʧʪʠʚʥʠʡ ʧʽʜʭʽʜ ʫʩʫʚʘʻ ʾ ʭ ʰʣʷʭʦʤ ʣʦʢʘʣʴʥʦʛʦ ʟʛʫʱʝʥʥʷ 

ʚʫʟʣʽʚ ʫ ʟʦʥʘʭ ʨʽʟʢʠʭ ʛʨʘʜʽʻʥʪʽʚ (x=0 ʪʘ x=1), ʬʦʨʤʫʶʯʠ ʥʘ ʬʽʥʘʣʴʥʽʡ ʽʪʝʨʘʮʽʾ 

(N=66) ʩʪʘʙʽʣʴʥʠʡ ʨʦʟʚ'ʷʟʦʢ. 
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ɿʛʽʜʥʦ ʟ ʛʨʘʬʽʢʦʤ ʧʨʘʚʦʨʫʯ ʥʘ ʨʠʩ.1, ʤʘʢʩʠʤʘʣʴʥʘ ʧʦʭʠʙʢʘ ʩʷʛʘʻ 

ʟʘʜʘʥʦʛʦ ʧʦʨʦʛʫ ʚ 10%, ʧʽʜʪʚʝʨʜʞʫʶʯʠ ʢʦʨʝʢʪʥʽʩʪʴ ʢʨʠʪʝʨʽʶ ʟʫʧʠʥʢʠ. ɺʠʩʦʢʘ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʤʝʪʦʜʫ ʜʦʚʦʜʠʪʴʩʷ ʧʦʢʘʟʥʠʢʦʤ ʥʝʨʝʛʫʣʷʨʥʦʩʪʽ ʩʽʪʢʠ, ʱʦ ʜʦʩʷʛ 

128: ʧʦʜʨʽʙʥʝʥʥʷ ʚʽʜʙʫʚʘʻʪʴʩʷ ʚʠʢʣʶʯʥʦ ʫ "ʧʨʦʙʣʝʤʥʠʭ" ʟʦʥʘʭ, ʱʦ ʩʫʪʪʻʚʦ 

ʝʢʦʥʦʤʠʪʴ ʨʝʩʫʨʩʠ. ʇʨʠ ʮʴʦʤʫ ʢʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʠʡ ʦʮʽʥʶʚʘʯ ʚʠʷʚʠʚʩʷ 

ʥʘʜʽʡʥʽʰʠʤ ʟʘ ʣʽʥʽʡʥʠʡ, ʬʽʢʩʫʶʯʠ ʚʠʱʫ ʧʦʭʠʙʢʫ ʥʘ ʣʦʢʘʣʴʥʠʭ ʧʽʢʘʭ (9.9% 

ʧʨʦʪʠ 8.87%). 

 

 

 

 

ɯʪʝʨʘʮ

ʽʮ̫ʽʷ 

N ȿ‐ȿ  max(–

), % 

hmax/h

min 

 ɯʪʝʨʘ

ʮʽʷ 

N ȿ‐ȿ  max(–), 

% 

hmax/

hmin 

1 10 1.1031 169.814

5 

1  1 10 2.4821 192.2272 1 

2 20 2.9130 282.309

1 

1  2 20 3.4277 294.7660 1 

3 33 2.0096 361.861

7 

2  3 33 1.8270 344.1513 2 

4 42 1.0575 294.477

3 

4  4 42 0.9207 263.2600 4 

5 52 0.5345 176.599

9 

8  5 52 0.4631 154.2404 8 

6 55 0.2779 81.6789 16  6 54 0.2416 70.2325 16 

7 60 0.1550 34.4995 32  7 58 0.1383 29.3869 32 

8 64 0.1092 13.5391 64  8 63 0.0972 11.6347 64 

9 67 0.0995 10.1040 128  9 65 0.0911 10.0949 128 

10 68 0.0971 9.9359 128  10 66 0.0884 8.8628 128 

 

ɺʠʩʥʦʚʦʢ 

ʈʦʟʨʦʙʣʝʥʘ h-ʘʜʘʧʪʠʚʥʘ ʩʭʝʤʘ ʄʉɽ ʜʦʚʦʜʠʪʴ ʩʚʦʶ ʝʬʝʢʪʠʚʥʽʩʪʴ ʜʣʷ 

ʤʦʜʝʣʶʚʘʥʥʷ ʤʽʛʨʘʮʽʾ ʜʦʤʽʰʦʢ ʫ ʩʠʥʛʫʣʷʨʥʦ ʟʙʫʨʝʥʠʭ ʟʘʜʘʯʘʭ. ɸʚʪʦʤʘʪʠʯʥʝ 

ʊʘʙʣ. 1. ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ 

ʟʙʽʞʥʦʩʪʽ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ 

ʘʧʨʦʢʩʠʤʘʮʽʡ ʜʣʷ ʢʫʩʢʦʚʦ-

ʢʚʘʜʨʘʪʠʯʥʦʛʦ ʦʮʽʥʶʚʘʯʘ 

ʊʘʙʣ. 2. ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ 

ʟʙʽʞʥʦʩʪʽ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ 

ʘʧʨʦʢʩʠʤʘʮʽʡ ʜʣʷ  ʢʫʩʢʦʚʦ-

ʣʽʥʽʡʥʦʛʦ ʦʮʽʥʶʚʘʯʘ 
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ʟʛʫʱʝʥʥʷ ʩʽʪʢʠ ʚ ʟʦʥʘʭ ʚʝʣʠʢʠʭ ʛʨʘʜʽʻʥʪʽʚ ʜʦʟʚʦʣʷʻ ʜʦʩʷʛʘʪʠ ʟʘʟʜʘʣʝʛʽʜʴ 

ʟʘʜʘʥʦʾ ʪʦʯʥʦʩʪʽ ʫʩʫʚʘʶʯʠ ʥʝʬʽʟʠʯʥʽ ʦʩʮʠʣʷʮʽʾ ʥʘʙʣʠʞʝʥʴ ʟ ʤʽʥʽʤʘʣʴʥʠʤʠ 

ʦʙʯʠʩʣʶʚʘʣʴʥʠʤʠ ʚʠʪʨʘʪʘʤʠ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʢʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʦʛʦ 

ʦʮʽʥʶʚʘʯʘ ʟʘʙʝʟʧʝʯʫʻ ʥʘʜʽʡʥʽʰʠʡ ʢʦʥʪʨʦʣʴ ʟʘ ʨʦʟʧʦʜʽʣʦʤ ʧʦʭʠʙʢʠ ʧʦʨʽʚʥʷʥʦ 

ʟ ʣʽʥʽʡʥʠʤ, ʱʦ ʨʦʙʠʪʴ ʡʦʛʦ ʦʧʪʠʤʘʣʴʥʠʤ ʜʣʷ ʧʨʘʢʪʠʯʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʚ 

ʝʢʦʣʦʛʽʯʥʦʤʫ ʧʨʦʛʥʦʟʫʚʘʥʥʽ. 
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ɺʩʪʫʧ  

ʋʧʨʦʜʦʚʞ ʦʩʪʘʥʥʽʭ ʨʦʢʽʚ ʮʽʥʠ ʥʘ ʢʦʤʧôʶʪʝʨʥʽ ʢʦʤʧʣʝʢʪʫʶʯʽ ʨʽʟʢʦ 

ʟʨʦʩʣʠ. ɺʘʨʪʽʩʪʴ ʤʽʜʽ, ʦʣʦʚʘ ʪʘ ʦʩʦʙʣʠʚʦ ʩʨʽʙʣʘ ʩʫʪʪʻʚʦ ʟʙʽʣʴʰʠʣʘʩʴ, ʩʚʽʪʦʚʽ 

ʛʽʛʘʥʪʠ ʝʣʝʢʪʨʦʥʽʢʠ ʤʘʩʦʚʦ ʧʝʨʝʦʨʽʻʥʪʦʚʫʶʪʴʩʷ ʥʘ ʩʬʝʨʫ ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ, 

ʘ ʥʝʩʪʘʯʘ ʯʠʧʽʚ ʧʘʤôʷʪʽ ʫ ʥʝʚʝʣʠʢʠʭ ʚʠʨʦʙʥʠʢʽʚ ʜʦʟʚʦʣʷʻ ʙʨʝʥʜʘʤ-ʛʽʛʘʥʪʘʤ 

ʜʠʢʪʫʚʘʪʠ ʮʽʥʠ ʥʘ ʨʠʥʢʫ. ɯʥʰʠʤʠ, ʥʝ ʤʝʥʰ ʚʘʞʣʠʚʠʤʠ ʬʘʢʪʦʨʘʤʠ ʻ ʟʘʣʝʞʥʦʩʪʽ 

ʚʽʜ ʟʦʚʥʽʰʥʽʭ ʯʠʥʥʠʢʽʚ ʥʘ ʣʦʢʘʣʴʥʠʭ ʨʠʥʢʘʭ, ʚ ʪʦʤʫ ʯʠʩʣʽ ʽ ʚ ʋʢʨʘʾʥʽ. ʋ ʟʚôʷʟʢʫ 

ʟ ʮʠʤ, ʫ ʟʚʠʯʘʡʥʦʛʦ ʧʦʢʫʧʮʷ ʧʨʠ ʧʽʜʙʦʨʽ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ʜʣʷ ʧʝʨʩʦʥʘʣʴʥʦʛʦ 
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ʢʦʤʧôʶʪʝʨʘ ʚʠʥʠʢʘʻ ʮʽʣʢʦʤ ʧʨʠʨʦʜʥʝ ʙʘʞʘʥʥʷ ʟʝʢʦʥʦʤʠʪʠ ʛʨʦʰʽ, ʧʨʠ ʮʴʦʤʫ 

ʥʝ ʚʠʪʨʘʯʘʶʯʠ ʟʘʡʚʦʛʦ ʯʘʩʫ ʥʘ ʜʦʩʣʽʜʞʝʥʥʷ ʨʠʥʢʫ.  

ʄʝʪʦʶ ʜʘʥʦʾ ʨʦʙʦʪʠ ʻ ʥʘʜʘʥʥʷ ʫʢʨʘʾʥʩʴʢʦʤʫ ʢʦʨʠʩʪʫʚʘʯʝʚʽ 

ʽʥʩʪʨʫʤʝʥʪʫ, ʷʢʠʡ ʧʦʻʜʥʫʚʘʪʠʤʝ ʩʪʨʦʛʫ ʧʝʨʝʚʽʨʢʫ ʩʫʤʽʩʥʦʩʪʽ ʟ ʛʥʫʯʢʠʤ 

ʧʽʜʙʦʨʦʤ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ʧʽʜ ʟʘʜʘʥʽ ʢʨʠʪʝʨʽʾ.  

ʄʦʜʝʣʴ ʧʝʨʝʚʽʨʢʠ ʘʧʘʨʘʪʥʦʾ ʩʫʤʽʩʥʦʩʪʽ 

ʇʝʨʝʚʽʨʢʘ ʩʫʤʽʩʥʦʩʪʽ ʨʝʘʣʽʟʦʚʘʥʘ ʷʢ ʧʨʘʚʠʣʦ-ʦʨʽʻʥʪʦʚʘʥʘ ʩʠʩʪʝʤʘ ʥʘ 

ʦʩʥʦʚʽ ʰʘʙʣʦʥʫ ʧʨʦʻʢʪʫʚʘʥʥʷ çʩʪʨʘʪʝʛʽʷè[1]. ʂʦʞʥʝ ʧʨʘʚʠʣʦ ʨʝʘʣʽʟʫʻ 

ʽʥʪʝʨʬʝʡʩ ICompatibilityRule  ʟ ʻʜʠʥʠʤ ʤʝʪʦʜʦʤ Check(PcBuild), ɦ ʦ ʧʦʚʝʨʪʘʻ 

ʦʙôʻʢʪ CompatibilityResult. ʂʣʘʩ CompatibilityChecker  ʘʛʨʝʛʫʻ ʜʦʚʽʣʴʥʫ 

ʢʽʣʴʢʽʩʪʴ ʧʨʘʚʠʣ ʽ ʟʘʩʪʦʩʦʚʫʻ ʢʦʞʥʝ ʜʦ ʟʙʽʨʢʠ ʥʝʟʘʣʝʞʥʦ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʨʦʟʰʠʨʶʚʘʥʽʩʪʴ ʙʝʟ ʟʤʽʥʠ ʷʜʨʘ ʩʠʩʪʝʤʠ.  

ʇʦʪʦʯʥʘ ʩʠʩʪʝʤʘ ʚʢʣʶʯʘʻ 15 ʧʨʘʚʠʣ, ʱʦ ʦʭʦʧʣʶʶʪʴ: ʚʽʜʧʦʚʽʜʥʽʩʪʴ 

ʩʦʢʝʪʽʚ (CPUïʤʘʪʝʨʠʥʩʴʢʘ ʧʣʘʪʘ, ʢʫʣʝʨ, ʚʝʥʪʠʣʷʪʦʨʠ), ʩʫʤʽʩʥʽʩʪʴ ʦʧʝʨʘʪʠʚʥʦʾ 

ʧʘʤ'ʷʪʽ (ʪʠʧ, ʯʘʩʪʦʪʘ, ʢʽʣʴʢʽʩʪʴ ʩʣʦʪʽʚ, ʻʤʥʽʩʪʴ, ʟʤʽʰʘʥʽ ʯʘʩʪʦʪʠ), ʧʘʨʘʤʝʪʨʠ 

ʚʽʜʝʦʢʘʨʪʠ (ʚʝʨʩʽʷ ʪʘ ʢʽʣʴʢʽʩʪʴ ʣʽʥʽʡ PCIe, ʬʽʟʠʯʥʽ ʨʦʟʤʽʨʠ), ʩʭʦʚʠʱʘ 

(SATA/M.2 ʩʣʦʪʠ, ʚʝʨʩʽʷ NVMe), ʙʣʦʢ ʞʠʚʣʝʥʥʷ (ʧʦʪʫʞʥʽʩʪʴ, ʥʘʷʚʥʽʩʪʴ 

ʨʦʟ'ʻʤʽʚ), ʘ ʪʘʢʦʞ ʙʘʣʘʥʩ CPU-GPU. ʂʦʞʥʝ ʧʠʪʘʥʥʷ ʩʫʤʽʩʥʦʩʪʽ ʢʣʘʩʠʬʽʢʫʻʪʴʩʷ 

ʟʘ ʨʽʚʥʝʤ ʩʝʨʡʦʟʥʦʩʪʽ: 

¶ Critical  ï ʬʽʟʠʯʥʘ ʘʙʦ ʣʦʛʽʯʥʘ ʥʝʩʫʤʽʩʥʽʩʪʴ (ʥʝʩʫʤʽʩʥʽ ʪʠʧʠ RAM, 

ʥʝʜʦʩʪʘʪʥʷ ʧʦʪʫʞʥʽʩʪʴ ʙʣʦʢʘ ʞʠʚʣʝʥʥʷ); 

¶ Warning  ï ʧʦʪʝʥʮʽʡʥʦ ʥʝʙʘʞʘʥʘ ʢʦʤʙʽʥʘʮʽʷ (ʥʝʚʽʜʧʦʚʽʜʥʽʩʪʴ 

ʧʦʪʫʞʥʦʩʪʽ GPU ʪʘ CPU, ʟʤʽʰʘʥʽ ʯʘʩʪʦʪʠ RAM); 

¶ Info  ï ʨʝʢʦʤʝʥʜʘʮʽʡʥʝ ʩʧʦʩʪʝʨʝʞʝʥʥʷ (ʥʘʜʤʽʨʥʘ ʧʦʪʫʞʥʽʩʪʴ ʙʣʦʢʘ 

ʞʠʚʣʝʥʥʷ). 

ʄʘʪʝʤʘʪʠʯʥʘ ʤʦʜʝʣʴ ʧʝʨʝʚʽʨʢʠ ʩʫʤʽʩʥʦʩʪʽ ʙʘʟʫʻʪʴʩʷ ʥʘ ʪʝʦʨʽʾ ʥʝʯʽʪʢʠʭ 

ʤʥʦʞʠʥ [2]. ʅʝʯʽʪʢʘ ʤʥʦʞʠʥʘ A ʚʠʟʥʘʯʘʻʪʴʩʷ ʬʫʥʢʮʽʻʶ ʥʘʣʝʞʥʦʩʪʽ: 

‘ ὼȡὢᴼ πȟρȟ

ρ
 

ʜʝ ɛ = 1 ʚʽʜʧʦʚʽʜʘʻ ʧʦʚʥʽʡ ʥʘʣʝʞʥʦʩʪʽ, ɛ = 0 ï ʧʦʚʥʽʡ ʥʝʥʘʣʝʞʥʦʩʪʽ [2, c. 338-

339]. ʇʝʨʝʪʚʦʨʝʥʥʷ ʯʠʩʣʦʚʦʛʦ ʟʥʘʯʝʥʥʷ ʫ ʩʪʫʧʽʥʴ ʥʘʣʝʞʥʦʩʪʽ ʥʘʟʠʚʘʶʪʴ 

ʬʘʟʠʬʽʢʘʮʽʻʶ; ʟʚʦʨʦʪʥʫ ʦʧʝʨʘʮʽʶ ʥʘʟʠʚʘʶʪʴ ʜʝʬʘʟʠʬʽʢʘʮʽʻʶ [3, c. 93-98]. 

ʊʨʘʧʝʮʽʻʚʠʜʥʘ ʬʫʥʢʮʽʷ ʥʘʣʝʞʥʦʩʪʽ ï ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʘ ʟ ʧʣʦʩʢʦʶ ʚʝʨʰʠʥʦʶ ʫ 

ʟʦʥʽ çʷʜʨʘè ʽ ʣʽʥʽʡʥʠʤʠ ʩʭʠʣʘʤʠ ʻ ʥʘʡʙʣʠʞʯʠʤ ʤʘʪʝʤʘʪʠʯʥʠʤ ʘʥʘʣʦʛʦʤ 

ʚʠʢʦʨʠʩʪʘʥʠʭ ʫ ʨʦʙʦʪʽ ʬʫʥʢʮʽʾ ʧʨʠʜʘʪʥʦʩʪʽ [3, c. 90-93; 4, c. 102-105]. 
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ʆʩʥʦʚʥʽ ʧʨʘʚʠʣʘ ʧʝʨʝʚʽʨʢʠ ʩʫʤʽʩʥʦʩʪʽ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ʤʦʞʥʘ ʨʦʟʜʽʣʠʪʠ 

ʥʘ 3 ʢʘʪʝʛʦʨʽʾ: 

ʆʮʽʥʢʘ ʙʘʣʘʥʩʫ CPU-GPU. ɼʣʷ ʦʮʽʥʢʠ ʙʘʣʘʥʩʫ CPU ʪʘ GPU ʙʫʣʘ 

ʚʠʚʝʜʝʥʘ ʬʦʨʤʫʣʘ ʥʦʨʤʦʚʘʥʦʛʦ ʚʽʜʥʦʰʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʝʡ: 

ὶ Ὓ ὛȿὅὖὟὑȟὑ ρȢςȟϳ ς 

ʜʝ Ὓ  ʪʘ Ὓ  ï ʧʦʢʘʟʥʠʢʠ ʽʟ ʚʝʙ-ʩʘʡʪʫ PassMark, ὑ ï ʢʦʝʬʽʮʽʻʥʪ ʥʦʨʤʘʣʽʟʘʮʽʾ 

ʰʢʘʣ. ʌʫʥʢʮʽʷ ʧʨʠʜʘʪʥʦʩʪʽ ὪὶᶰπȠρ ʙʫʜʫʻʪʴʩʷ ʷʢ ʪʨʘʧʝʮʽʻʚʠʜʥʘ ʬʫʥʢʮʽʷ 

ʥʘʣʝʞʥʦʩʪʽ [2, ʩ. 92; 3, ʩ. 19-25] ʟ ʷʜʨʦʤ ὶɴ πȢψυȠρȢςυὪ ρȢπ ʪʘ ʣʽʥʽʡʥʠʤʠ 

ʩʭʠʣʘʤʠ ʥʘ ʽʥʪʝʨʚʘʣʘʭ πȢφȠπȢψυ  ̔   ʯʝʨʝʟ ʣʽʥʽʡʥʫ ̔ ʥʪʝʨʧʦʣʷʮʽʶ ὒὩὶὴὥȟὦȟὸ

ὥ ὸ ὦ ὥ. ʇʨʠ r < 0.6 ʘʙʦ r > 1.5 ʦʮʽʥʢʘ ʥʝ ʧʝʨʝʚʠʱʫʻ 0.5 ʽ ʦʙʤʝʞʝʥʘ 

ʟʥʠʟʫ ʟʥʘʯʝʥʥʷʤ 0.1. 

ʆʮʽʥʢʘ ʜʦʩʪʘʪʥʦʩʪʽ ʙʣʦʢʘ ʞʠʚʣʝʥʥʷ. ʑʦʙ ʢʦʨʝʢʪʥʦ ʨʘʭʫʚʘʪʠ 

ʝʥʝʨʛʦʩʧʦʞʠʚʘʥʥʷ ʩʠʩʪʝʤʠ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʬʦʨʤʫʣʘ: 

ὖ ὖ ὖ ὖ ὖ  ὖ  ὖ  ὖ ρυπˏ ȟ˟

σ
 

ʜʝ 150 ɺʪ ï ʽʥʞʝʥʝʨʥʠʡ ʟʘʧʘʩ. ʂʦʝʬʽʮʽʻʥʪ ʥʘʚʘʥʪʘʞʝʥʥʷ: 

‗
ὖ

ὖ
Ȣ

τ

 

ʌʫʥʢʮʽʷ Ὢ‗ ʜʦʨʽʚʥʶʻ 1.0 ʧʨʠ ‗ɴ πȢυȠπȢψ (ʟʦʥʘ ʥʘʡʚʠʱʦʛʦ ʂʂɼ ʙʣʦʢʽʚ 

ʞʠʚʣʝʥʥʷ), ʣʽʥʽʡʥʦ ʩʧʘʜʘʻ ʧʨʠ ʚʽʜʭʠʣʝʥʥʽ ʪʘ ʥʘʙʫʚʘʻ ʟʥʘʯʝʥʥʷ 0.0 ʧʨʠ ‗ ρȢπ, 

ʱʦ ʦʟʥʘʯʘʻ ʧʦʚʥʫ ʥʝʩʫʤʽʩʥʽʩʪʴ. 

ɿʚʝʜʝʥʘ ʦʮʽʥʢʘ ʟʙʽʨʢʠ. ʇʽʜʩʫʤʢʦʚʘ ʦʮʽʥʢʘ F ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ 

ʛʝʦʤʝʪʨʠʯʥʝ ʩʝʨʝʜʥʻ ʦʮʽʥʦʢ ʫʩʽʭ ʧʨʘʚʠʣ [4, c. 88-93]: 

Ὂ  

ɻʝʦʤʝʪʨʠʯʥʝ ʩʝʨʝʜʥʻ ʩʠʣʴʥʽʰʝ ʰʪʨʘʬʫʻ ʟʘ ʦʢʨʝʤʫ ʥʠʟʴʢʫ ʦʮʽʥʢʫ ʧʦʨʽʚʥʷʥʦ ʟ 

ʘʨʠʬʤʝʪʠʯʥʠʤ, ʟʘʧʦʙʽʛʘʶʯʠ ʾʾ çʤʘʩʢʫʚʘʥʥʶè [3, ʩ. 88]. ʇʨʠ ʚʠʷʚʣʝʥʥʽ ʭʦʯʘ ʙ 

ʦʜʥʽʻʾ ʢʨʠʪʠʯʥʦʾ ʥʝʩʫʤʽʩʥʦʩʪʽ (Ὢ πȢπ ʚʩʪʘʥʦʚʣʶʻʪʴʩʷ Ὂ πȢπ ʧʨʠʤʫʩʦʚʦ. 

ɿʥʘʯʝʥʥʷ ὊᶰπȠρ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʜʣʷ ʨʘʥʞʫʚʘʥʥʷ ʢʘʥʜʠʜʘʪʥʠʭ 

ʢʦʥʬʽʛʫʨʘʮʽʡ. 

ɸʣʛʦʨʠʪʤ ʧʽʜʙʦʨʫ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ʧʽʜ ʟʘʜʘʥʽ ʢʨʠʪʝʨʽʾ 

ɿʘʜʘʯʘ ʧʽʜʙʦʨʫ ʢʦʤʧʣʝʢʪʫʶʯʠʭ ʻ ʨʽʟʥʦʚʠʜʦʤ ʢʦʤʙʽʥʘʪʦʨʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ 

ʟ ʦʙʤʝʞʝʥʥʷʤʠ: ʥʝʦʙʭʽʜʥʦ ʦʙʨʘʪʠ ʧʦ ʦʜʥʦʤʫ ʩʫʤʽʩʥʦʤʫ ʢʦʤʧʦʥʝʥʪʫ ʢʦʞʥʦʛʦ 

ʪʠʧʫ ʪʘʢ, ʱʦʙ ʚʘʨʪʽʩʪʴ ʥʝ ʧʝʨʝʚʠʱʫʚʘʣʘ ʙʶʜʞʝʪ, ʘ ʷʢʽʩʪʴ ʟʙʽʨʢʠ ʙʫʣʘ 

ʤʘʢʩʠʤʘʣʴʥʦʶ. ʋ ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʙʘʛʘʪʦʬʘʟʥʠʡ ʞʘʜʽʙʥʠʡ ʘʣʛʦʨʠʪʤ ʟ 
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ʧʦʚʝʨʥʝʥʥʷʤ [5, c. 414-446], ʜʦʧʦʚʥʝʥʠʡ ʧʦʧʝʨʝʜʥʴʦʶ ʬʽʣʴʪʨʘʮʽʻʶ ʢʘʥʜʠʜʘʪʽʚ 

ʥʘ ʨʽʚʥʽ ʟʘʧʠʪʽʚ ʜʦ ʙʘʟʠ ʜʘʥʠʭ. 

ɸʣʛʦʨʠʪʤ ʩʢʣʘʜʘʻʪʴʩʷ ʽʟ 3 ʬʘʟ ʪʘ ʧʦʚʪʦʨʥʽʡ ʚʝʨʠʬʽʢʘʮʽʾ ʧʽʜʽʙʨʘʥʠʭ 

ʢʦʤʧʦʥʝʥʪʽʚ ʟʙʽʨʢʠ: 

ʌʘʟʘ 1. ʅʘ ʮʽʡ ʬʘʟʽ ʜʣʷ CPU ʪʘ GPU ʬʦʨʤʫʶʪʴʩʷ ʧʫʣʠ ʢʘʥʜʠʜʘʪʽʚ ʟʘ 

ʙʶʜʞʝʪʥʠʤʠ ʦʙʤʝʞʝʥʥʷʤʠ: 

Ὓ ὼɴ ὈὄȿὴὶὭὧὩὼ ὄ ‌ ȟ

φ
 

ʜʝ ‌ ï ʩʮʝʥʘʨʥʘ ʚʘʛʘ ʪʠʧʫ. ɺʘʛʠ ʟʘʜʘʶʪʴʩʷ ʩʮʝʥʘʨʥʦʶ ʧʦʣʽʪʠʢʦʶ (Gaming: 

‌ πȢσυ; Workstation: ‌ πȢσς) ʽ ʟʘʜʦʚʦʣʴʥʷʶʪʴ ʫʤʦʚʫ  ‌̒ ρ. 

ʌʘʟʘ 2. ʊʫʪ ʧʘʨʠ ʟ CPU ʪʘ GPU ʧʝʨʝʙʠʨʘʶʪʴʩʷ ʫ ʧʦʨʷʜʢʫ ʩʧʘʜʘʥʥʷ ʮʽʥʠ. 

ʇʘʨʘ ʜʦʧʫʩʢʘʻʪʴʩʷ ʜʦ ʟʙʽʨʢʠ ʣʠʰʝ ʷʢʱʦ ʥʦʨʤʦʚʘʥʠʡ ʙʘʣʘʥʩ ὶ

Ὓ ὛȿὅὖὟρȢςϳ  ʧʦʪʨʘʧʣʷʻ ʫ ʩʮʝʥʘʨʥʦ ʚʠʟʥʘʯʝʥʠʡ ʜʦʧʫʩʪʠʤʠʡ ʜʽʘʧʘʟʦʥ 

ὶ ȟὶ . ʇʘʨʠ ʧʦʟʘ ʜʽʘʧʘʟʦʥʦʤ ʚʠʢʣʶʯʘʶʪʴʩʷ ʙʝʟ ʩʧʨʦʙʠ ʟʙʽʨʢʠ [6, ʩ. 125-

130]. 

ʌʘʟʘ 3. ɺ ʢʽʥʮʝʚʽʡ ʬʘʟʽ ʨʝʰʪʘ ʢʦʤʧʦʥʝʥʪʽʚ ʜʦʙʠʨʘʻʪʴʩʷ ʧʦʩʣʽʜʦʚʥʦ: 

ʢʦʞʝʥ ʥʘʩʪʫʧʥʠʡ ʟʘʧʠʪ ʜʦ ʙʘʟʠ ʜʘʥʠʭ ʤʽʩʪʠʪʴ ʧʨʝʜʠʢʘʪʠ ʩʫʤʽʩʥʦʩʪʽ ʟ ʫʞʝ 

ʟʘʬʽʢʩʦʚʘʥʠʤʠ ʨʽʰʝʥʥʷʤʠ, ʪʦʤʫ ʧʦʚʝʨʪʘʶʪʴʩʷ ʣʠʰʝ ʘʧʨʽʦʨʽ ʩʫʤʽʩʥʽ 

ʢʘʥʜʠʜʘʪʠ. ɿʘʣʠʰʢʦʚʠʡ ʙʶʜʞʝʪ ʦʥʦʚʣʶʻʪʴʩʷ ʥʘ ʢʦʞʥʦʤʫ ʢʨʦʮʽ: 

ὄ ὄ ὴὶὭὧὩὼ Ȣ

χ
 

ɺʽʜʙʽʨ ʢʦʤʧʦʥʝʥʪʘ ʚʠʟʥʘʯʘʻʪʴʩʷ ʝʚʨʠʩʪʠʢʦʶ, ʩʧʝʮʠʬʽʯʥʦʶ ʜʣʷ ʪʠʧʫ: 

ʥʘʡʜʦʨʦʞʯʘ ʤʘʪʝʨʠʥʩʴʢʘ ʧʣʘʪʘ ʩʫʤʽʩʥʦʛʦ ʩʦʢʝʪʘ, ʤʘʢʩʠʤʘʣʴʥʘ ʤʽʩʪʢʽʩʪʴ RAM 

ʟʘ ʦʙʤʝʞʝʥʥʷʤ ʯʘʩʪʦʪʠ, ʥʘʡʢʨʘʱʠʡ ʢʫʣʝʨ ʟʘ ʧʠʪʦʤʦʶ ʪʝʧʣʦʚʦʶ 

ʝʬʝʢʪʠʚʥʽʩʪʶ, ʤʽʥʽʤʘʣʴʥʦ ʜʦʩʪʘʪʥʽʡ ʙʣʦʢ ʞʠʚʣʝʥʥʷ [6, ʩ. 202-208]. 

ɺʝʨʠʬʽʢʘʮʽʷ. ɿʽʙʨʘʥʘ ʢʦʥʬʽʛʫʨʘʮʽʷ ʧʝʨʝʜʘʻʪʴʩʷ ʜʦ ʚʝʨʠʬʽʢʘʪʦʨʘ 

(ʦʧʠʩʘʥʦʛʦ ʚ ʧʦʧʝʨʝʜʥʴʦʤʫ ʨʦʟʜʽʣʽ), ʱʦ ʟʘʩʪʦʩʦʚʫʻ ʫʩʽ 15 ʧʨʘʚʠʣ ʽ ʦʙʯʠʩʣʶʻ 

ʟʚʝʜʝʥʫ ʦʮʽʥʢʫ F. ʉʝʨʝʜ ʧʨʠʡʥʷʪʥʠʭ ʢʦʥʬʽʛʫʨʘʮʽʡ ʧʝʨʝʤʦʞʝʮʴ ʚʠʟʥʘʯʘʻʪʴʩʷ 

ʟʘ ʫʤʦʚʠ ὥὶὫάὥὼὴὶὭὧὩὦ ʟʘ ʫʤʦʚʠ ὴὶὭὧὩὦ ὄ (ʘʙʦ ὄ ρȢπυ ʫ ʥʝʞʦʨʩʪʢʦʤʫ 

ʨʝʞʠʤʽ). ʇʨʠ ʨʽʚʥʦʩʪʽ ʚʘʨʪʦʩʪʝʡ ʨʦʟʚ'ʷʟʫʚʘʣʴʥʠʤ ʢʨʠʪʝʨʽʻʤ ʩʣʫʛʫʻ F. 

ʊʝʦʨʝʪʠʯʥʘ ʩʢʣʘʜʥʽʩʪʴ ὕȿὛ ȿ ȿὛ ȿ ʩʢʦʨʦʯʫʻʪʴʩʷ ʥʘ ʧʨʘʢʪʠʮʽ ʜʦ 5-30 

ʩʧʨʦʙ ʟʘʚʜʷʢʠ ʨʘʥʥʴʦʤʫ ʚʠʭʦʜʫ ʧʽʩʣʷ ʧ'ʷʪʠ ʩʫʤʽʩʥʠʭ ʟʙʽʨʦʢ, ʬʽʣʴʪʨʫ ʙʘʣʘʥʩʫ 

ʪʘ ʦʙʤʝʞʝʥʥʶ ʧʫʣʽʚ ʜʦ Ὕέὴὔφπ ʟʘʧʠʩʽʚ. 

ɿʘʛʘʣʴʥʠʡ ʦʧʠʩ ʘʨʭʽʪʝʢʪʫʨʠ 

ʉʠʩʪʝʤʫ ʨʝʘʣʽʟʦʚʘʥʦ ʟʘ ʧʨʠʥʮʠʧʦʤ ʤʦʜʫʣʴʥʦʛʦ ʤʦʥʦʣʽʪʫ [7], ʪʦʤʫ ʫʩʽ 

ʤʦʜʫʣʽ ʨʦʟʛʦʨʪʘʶʪʴʩʷ ʷʢ ʻʜʠʥʠʡ ʧʨʦʮʝʩ, ʘʣʝ ʚʟʘʻʤʦʜʽʶʪʴ ʚʠʢʣʶʯʥʦ ʯʝʨʝʟ 
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ʧʫʙʣʽʯʥʽ ʽʥʪʝʨʬʝʡʩʠ. ʋʩʝʨʝʜʠʥʽ ʢʦʞʥʦʛʦ ʤʦʜʫʣʷ ʜʦʪʨʠʤʫʻʪʴʩʷ Clean 

Architecture  [8]: ʟʘʣʝʞʥʦʩʪʽ ʩʧʨʷʤʦʚʘʥʽ ʚʽʜ ʽʥʬʨʘʩʪʨʫʢʪʫʨʥʦʛʦ ʰʘʨʫ ʜʦ 

ʜʦʤʝʥʥʦʛʦ ʰʘʨʫ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʥʝʟʘʣʝʞʥʫ ʪʝʩʪʦʚʘʥʽʩʪʴ ʢʦʤʧʦʥʝʥʪʽʚ. 

 
ʈʠʩ. 1. ɼʽʘʛʨʘʤʘ ʘʨʭʽʪʝʢʪʫʨʠ 

ʆʧʝʨʘʮʽʾ ʨʦʟʤʝʞʦʚʘʥʽ ʟʘ ʧʨʠʥʮʠʧʦʤ CQRS [9] ʟ ʤʘʨʰʨʫʪʠʟʘʮʽʻʶ ʯʝʨʝʟ 

MediatR ï ʢʦʤʘʥʜʠ ʪʘ ʟʘʧʠʪʠ ʨʝʘʣʽʟʦʚʘʥʽ ʦʢʨʝʤʠʤʠ ʢʣʘʩʘʤʠ ʟ ʦʢʨʝʤʠʤʠ 

ʦʙʨʦʙʥʠʢʘʤʠ. ʅʘʩʢʨʽʟʥʘ ʣʦʛʽʢʘ, ʪʘʢʘ ʷʢ ʚʘʣʽʜʘʮʽʷ ʯʠ ʢʝʰʫʚʘʥʥʷ, ʨʝʘʣʽʟʦʚʘʥʘ 

ʯʝʨʝʟ pipeline behaviours ʙʝʟ ʚʪʨʫʯʘʥʥʷ ʫ ʙʽʟʥʝʩ ʣʦʛʽʢʫ. 

ʈʝʩʫʨʩʦʻʤʥʽ ʦʧʝʨʘʮʽʾ ʩʢʨʝʡʧʽʥʛʫ ʚʠʥʝʩʝʥʽ ʚ ʦʢʨʝʤʠʡ ʬʦʥʦʚʠʡ ʩʝʨʚʽʩ, ʱʦ 

ʚʟʘʻʤʦʜʽʻ ʟ API  ʯʝʨʝʟ RabbitMQ.  ʉʧʦʚʽʱʝʥʥʷ ʜʦʩʪʘʚʣʷʶʪʴʩʷ ʯʝʨʝʟ SignalR 

(ʨʝʘʣʽʟʘʮʽʷ ʚʝʙ-ʩʦʢʝʪʽʚ), ʚ ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ JWT  ʙʝʟ 

ʩʝʨʚʝʨʥʦʛʦ ʟʙʝʨʽʛʘʥʥʷ ʩʝʩʽʡ. ɹʘʟʦʶ ʜʘʥʠʭ ʩʣʫʞʠʪʴ SQL Server, ʘ ʚʟʘʻʤʦʜʽʷ ʟ 

ʥʝʶ ʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ Entity Framework Core . 
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ʋ ʩʫʯʘʩʥʦʤʫ ʮʠʬʨʦʚʦʤʫ ʩʝʨʝʜʦʚʠʱʽ ʫʧʨʘʚʣʽʥʥʷ ʦʩʦʙʠʩʪʠʤʠ ʬʽʥʘʥʩʘʤʠ 

ʩʪʘʻ ʩʢʣʘʜʥʽʰʦʶ ʟʘʜʘʯʝʶ ʯʝʨʝʟ ʟʨʦʩʪʘʥʥʷ ʢʽʣʴʢʦʩʪʽ ʬʽʥʘʥʩʦʚʠʭ ʽʥʩʪʨʫʤʝʥʪʽʚ, 

ʧʣʘʪʽʞʥʠʭ ʩʝʨʚʽʩʽʚ ʪʘ ʜʞʝʨʝʣ ʜʦʭʦʜʽʚ [1]. ʇʦʰʠʨʝʥʥʷ ʙʝʟʛʦʪʽʚʢʦʚʠʭ ʧʣʘʪʝʞʽʚ, 

ʝʣʝʢʪʨʦʥʥʠʭ ʛʘʤʘʥʮʽʚ ʽ ʢʨʠʧʪʦʚʘʣʶʪ ʬʦʨʤʫʻ ʥʦʚʽ ʚʠʤʦʛʠ ʜʦ ʽʥʩʪʨʫʤʝʥʪʽʚ 

ʦʙʣʽʢʫ ʪʘ ʘʥʘʣʽʟʫ ʬʽʥʘʥʩʦʚʦʾ ʜʽʷʣʴʥʦʩʪʽ ʢʦʨʠʩʪʫʚʘʯʽʚ [2]. ʋ ʪʘʢʠʭ ʫʤʦʚʘʭ 
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ʦʩʦʙʣʠʚʦ ʘʢʪʫʘʣʴʥʠʤ ʻ ʩʪʚʦʨʝʥʥʷ ʩʠʩʪʝʤ, ʱʦ ʟʘʙʝʟʧʝʯʫʶʪʴ ʥʝ ʣʠʰʝ ʬʽʢʩʘʮʽʶ 

ʪʨʘʥʟʘʢʮʽʡ, ʘʣʝ ʡ ʘʥʘʣʽʪʠʯʥʫ ʧʽʜʪʨʠʤʢʫ ʧʨʠʡʥʷʪʪʷ ʬʽʥʘʥʩʦʚʠʭ ʨʽʰʝʥʴ [3]. 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʽʩʥʫʚʘʥʥʷ ʟʥʘʯʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʨʦʛʨʘʤʥʠʭ ʨʽʰʝʥʴ ʫ 

ʩʬʝʨʽ ʧʝʨʩʦʥʘʣʴʥʠʭ ʬʽʥʘʥʩʽʚ, ʙʽʣʴʰʽʩʪʴ ʽʟ ʥʠʭ ʤʘʶʪʴ ʥʠʟʢʫ ʦʙʤʝʞʝʥʴ: 

ʥʝʜʦʩʪʘʪʥʽʡ ʨʽʚʝʥʴ ʘʥʘʣʽʪʠʢʠ, ʚʽʜʩʫʪʥʽʩʪʴ ʧʽʜʪʨʠʤʢʠ ʤʫʣʴʪʠʚʘʣʶʪʥʦʩʪʽ, 

ʩʢʣʘʜʥʽʩʪʴ ʢʦʨʠʩʪʫʚʘʮʴʢʦʛʦ ʽʥʪʝʨʬʝʡʩʫ ʘʙʦ ʦʙʤʝʞʝʥʽ ʤʦʞʣʠʚʦʩʪʽ ʽʥʪʝʛʨʘʮʽʾ 

[4]. ʎʝ ʟʫʤʦʚʣʶʻ ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʦʟʨʦʙʢʠ ʫʥʽʚʝʨʩʘʣʴʥʦʾ ʚʝʙ-ʧʣʘʪʬʦʨʤʠ, ʷʢʘ 

ʧʦʻʜʥʫʻ ʬʫʥʢʮʽʾ ʦʙʣʽʢʫ, ʧʣʘʥʫʚʘʥʥʷ ʪʘ ʘʥʘʣʽʟʫ ʬʽʥʘʥʩʦʚʠʭ ʜʘʥʠʭ [5]. 

ʄʝʪʦʶ ʜʦʩʣʽʜʞʝʥʥʷ ʻ ʨʦʟʨʦʙʢʘ ʚʝʙ-ʧʣʘʪʬʦʨʤʠ ʜʣʷ ʚʝʜʝʥʥʷ ʦʩʦʙʠʩʪʠʭ 

ʬʽʥʘʥʩʽʚ ʟ ʽʥʪʝʨʘʢʪʠʚʥʦʶ ʘʥʘʣʽʪʠʢʦʶ, ʷʢʘ ʟʘʙʝʟʧʝʯʫʻ ʮʝʥʪʨʘʣʽʟʦʚʘʥʝ 

ʫʧʨʘʚʣʽʥʥʷ ʬʽʥʘʥʩʦʚʦʶ ʽʥʬʦʨʤʘʮʽʻʶ, ʧʽʜʪʨʠʤʢʫ ʤʫʣʴʪʠʚʘʣʶʪʥʦʩʪʽ ʪʘ ʥʘʜʘʥʥʷ 

ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʣʷ ʘʥʘʣʽʟʫ ʬʽʥʘʥʩʦʚʦʾ ʧʦʚʝʜʽʥʢʠ ʢʦʨʠʩʪʫʚʘʯʘ. 

ɸʨʭʽʪʝʢʪʫʨʘ ʟʘʧʨʦʧʦʥʦʚʘʥʦʾ ʩʠʩʪʝʤʠ ʙʘʟʫʻʪʴʩʷ ʥʘ ʢʣʽʻʥʪ-ʩʝʨʚʝʨʥʽʡ 

ʤʦʜʝʣʽ ʟ ʯʽʪʢʠʤ ʨʦʟʜʽʣʝʥʥʷʤ ʚʽʜʧʦʚʽʜʘʣʴʥʦʩʪʝʡ. ʉʝʨʚʝʨʥʘ ʯʘʩʪʠʥʘ ʨʝʘʣʽʟʦʚʘʥʘ 

ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʘʩʠʥʭʨʦʥʥʦʛʦ ʬʨʝʡʤʚʦʨʢʫ FastAPI [6], ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ 

ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʪʘ ʝʬʝʢʪʠʚʥʫ ʦʙʨʦʙʢʫ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʧʘʨʘʣʝʣʴʥʠʭ ʟʘʧʠʪʽʚ, 

ʘʚʪʦʤʘʪʠʯʥʫ ʛʝʥʝʨʘʮʽʶ OpenAPI-ʜʦʢʫʤʝʥʪʘʮʽʾ ʪʘ ʚʙʫʜʦʚʘʥʫ ʽʥʪʝʛʨʘʮʽʶ ʟ 

ʙʽʙʣʽʦʪʝʢʦʶ Pydantic ʜʣʷ ʚʘʣʽʜʘʮʽʾ ʚʭʽʜʥʠʭ ʪʘ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ. ɼʣʷ ʟʙʝʨʽʛʘʥʥʷ 

ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʘʥʦ ʨʝʣʷʮʽʡʥʫ ʩʠʩʪʝʤʫ ʢʝʨʫʚʘʥʥʷ ʙʘʟʘʤʠ ʜʘʥʠʭ PostgreSQL [8] 

(ʫ ʟʚôʷʟʮʽ ʟ ORM-ʙʽʙʣʽʦʪʝʢʦʶ SQLAlchemy 2.x), ʩʪʨʫʢʪʫʨʘ ʷʢʦʾ ʩʧʨʦʻʢʪʦʚʘʥʘ 

ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʧʨʠʥʮʠʧʽʚ ʥʦʨʤʘʣʽʟʘʮʽʾ ʪʘ ʟʘʙʝʟʧʝʯʫʻ ʮʽʣʽʩʥʽʩʪʴ ʽ ʫʟʛʦʜʞʝʥʽʩʪʴ 

ʜʘʥʠʭ [7]. ʂʣʽʻʥʪʩʴʢʘ ʯʘʩʪʠʥʘ ʩʠʩʪʝʤʠ ʨʝʘʣʽʟʦʚʘʥʘ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʫʯʘʩʥʠʭ 

ʚʝʙ-ʪʝʭʥʦʣʦʛʽʡ, ʟʦʢʨʝʤʘ React ʪʘ TypeScript, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʜʠʥʘʤʽʯʥʠʡ 

ʽʥʪʝʨʬʝʡʩ ʪʘ ʝʬʝʢʪʠʚʥʫ ʚʟʘʻʤʦʜʽʶ ʟ ʩʝʨʚʝʨʥʦʶ ʯʘʩʪʠʥʦʶ ʯʝʨʝʟ REST API [6]. 

ʋ ʤʝʞʘʭ ʩʝʨʚʝʨʥʦʾ ʯʘʩʪʠʥʠ ʨʝʘʣʽʟʦʚʘʥʦ ʙʘʛʘʪʦʨʽʚʥʝʚʫ ʘʨʭʽʪʝʢʪʫʨʫ, 

ʷʢʘ ʚʢʣʶʯʘʻ ʨʽʚʝʥʴ ʦʙʨʦʙʢʠ HTTP-ʟʘʧʠʪʽʚ, ʨʽʚʝʥʴ ʙʽʟʥʝʩ-ʣʦʛʽʢʠ ʪʘ ʨʽʚʝʥʴ 

ʜʦʩʪʫʧʫ ʜʦ ʜʘʥʠʭ. ɺʠʢʦʨʠʩʪʘʥʥʷ ʤʝʭʘʥʽʟʤʫ dependency injection ʟʘʙʝʟʧʝʯʫʻ 

ʛʥʫʯʢʝ ʢʝʨʫʚʘʥʥʷ ʟʘʣʝʞʥʦʩʪʷʤʠ, ʘ middleware-ʢʦʤʧʦʥʝʥʪʠ ʜʦʟʚʦʣʷʶʪʴ 

ʨʝʘʣʽʟʫʚʘʪʠ ʜʦʜʘʪʢʦʚʫ ʬʫʥʢʮʽʦʥʘʣʴʥʽʩʪʴ, ʟʦʢʨʝʤʘ ʣʦʛʫʚʘʥʥʷ ʪʘ ʢʦʥʪʨʦʣʴ 

ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ [6]. 

ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ ʙʝʟʧʝʮʽ ʩʠʩʪʝʤʠ. ʈʝʘʣʽʟʦʚʘʥʦ ʤʝʭʘʥʽʟʤ 

ʘʚʪʝʥʪʠʬʽʢʘʮʽʾ ʪʘ ʘʚʪʦʨʠʟʘʮʽʾ ʥʘ ʦʩʥʦʚʽ JWT-ʪʦʢʝʥʽʚ [9], ʱʦ ʚʢʣʶʯʘʻ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ʢʦʨʦʪʢʦʪʨʠʚʘʣʠʭ access ʪʘ ʜʦʚʛʦʪʨʠʚʘʣʠʭ refresh ʪʦʢʝʥʽʚ. ʇʘʨʦʣʽ 

ʧʝʨʝʚʽʨʷʶʪʴʩʷ ʥʘ ʥʘʜʽʡʥʽʩʪʴ ʧʽʜ ʯʘʩ ʨʝʻʩʪʨʘʮʽʾ, ʘ ʪʘʢʦʞ ʟʚʽʨʷʶʪʴʩʷ ʽʟ 

ʟʘʛʘʣʴʥʦʚʽʜʦʤʠʤʠ ʙʘʟʘʤʠ ʚʠʪʦʢʽʚ ʙʝʟ ʧʝʨʝʜʘʯʽ ʧʘʨʦʣʷ ʥʘ ʟʦʚʥʽʰʥʽ ʩʝʨʚʽʩʠ. ɼʣʷ 

ʜʦʜʘʪʢʦʚʦʛʦ ʟʘʭʠʩʪʫ ʦʙʣʽʢʦʚʦʛʦ ʟʘʧʠʩʫ ʨʝʘʣʽʟʦʚʘʥʦ ʜʚʦʬʘʢʪʦʨʥʫ 
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ʘʚʪʝʥʪʠʬʽʢʘʮʽʶ ʥʘ ʦʩʥʦʚʽ ʦʜʥʦʨʘʟʦʚʠʭ TOTP-ʢʦʜʽʚ: ʧʨʠ ʢʦʞʥʦʤʫ ʚʭʦʜʽ ʟ 

ʫʚʽʤʢʥʝʥʦʶ 2FA ʢʦʨʠʩʪʫʚʘʯ ʧʽʜʪʚʝʨʜʞʫʻ ʦʩʦʙʫ ʢʦʜʦʤ ʟ ʤʦʙʽʣʴʥʦʛʦ 

ʟʘʩʪʦʩʫʥʢʫ-ʘʚʪʝʥʪʠʬʽʢʘʪʦʨʘ. ʊʘʢʦʞ ʨʝʘʣʽʟʦʚʘʥʘ ʘʚʪʝʥʪʠʬʽʢʘʮʽʷ ʯʝʨʝʟ Google 

ʪʘ GitHub, ʱʦ ʜʦʟʚʦʣʷʻ ʫʚʽʡʪʠ ʘʙʦ ʟʘʨʝʻʩʪʨʫʚʘʪʠʩʷ ʚ ʦʜʠʥ ʢʣʽʢ ʟʘ ʧʨʦʪʦʢʦʣʦʤ 

OAuth2. ʇʨʠ ʮʴʦʤʫ ʦʙʣʽʢʦʚʠʡ ʟʘʧʠʩ ʘʚʪʦʤʘʪʠʯʥʦ ʧʨʠʚ'ʷʟʫʻʪʴʩʷ ʜʦ ʽʩʥʫʶʯʦʛʦ 

ʧʨʦʬʽʣʶ ʟʘ ʘʜʨʝʩʦʶ ʝʣʝʢʪʨʦʥʥʦʾ ʧʦʰʪʠ. 

ʌʫʥʢʮʽʦʥʘʣʴʥʽ ʤʦʞʣʠʚʦʩʪʽ ʩʠʩʪʝʤʠ ʦʭʦʧʣʶʶʪʴ ʧʦʚʥʠʡ ʮʠʢʣ 

ʫʧʨʘʚʣʽʥʥʷ ʬʽʥʘʥʩʘʤʠ. ʆʩʥʦʚʫ ʬʫʥʢʮʽʦʥʘʣʫ ʧʣʘʪʬʦʨʤʠ ʩʢʣʘʜʘʻ ʤʦʜʫʣʴ ʦʙʣʽʢʫ 

ʬʽʥʘʥʩʦʚʠʭ ʦʧʝʨʘʮʽʡ. ʂʦʨʠʩʪʫʚʘʯ ʤʦʞʝ ʬʽʢʩʫʚʘʪʠ ʜʦʭʦʜʠ, ʚʠʪʨʘʪʠ ʪʘ ʧʝʨʝʢʘʟʠ 

ʤʽʞ ʨʘʭʫʥʢʘʤʠ, ʧʨʠʟʥʘʯʘʶʯʠ ʢʦʞʥʽʡ ʦʧʝʨʘʮʽʾ ʢʘʪʝʛʦʨʽʶ, ʪʝʛʠ ʪʘ ʜʦʚʽʣʴʥʠʡ 

ʢʦʤʝʥʪʘʨ. ʉʠʩʪʝʤʘ ʧʽʜʪʨʠʤʫʻ ʜʝʩʷʪʴ ʚʘʣʶʪ ʽʟ ʱʦʛʦʜʠʥʥʠʤ ʦʥʦʚʣʝʥʥʷʤ 

ʘʢʪʫʘʣʴʥʠʭ ʢʫʨʩʽʚ ʯʝʨʝʟ ʽʥʪʝʛʨʘʮʽʶ ʟ API ʅʘʮʽʦʥʘʣʴʥʦʛʦ ʙʘʥʢʫ ʋʢʨʘʾʥʠ [2]. 

ɿʘʚʜʷʢʠ ʮʴʦʤʫ ʙʘʣʘʥʩ ʽ ʟʚʽʪʠ ʟʘʚʞʜʠ ʚʽʜʦʙʨʘʞʘʶʪʴʩʷ ʫ ʟʨʫʯʥʽʡ ʜʣʷ 

ʢʦʨʠʩʪʫʚʘʯʘ ʚʘʣʶʪʽ, ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʪʦʛʦ, ʫ ʷʢʽʡ ʚʘʣʶʪʽ ʙʫʣʘ ʟʜʽʡʩʥʝʥʘ ʦʧʝʨʘʮʽʷ. 

ɼʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʨʝʛʫʣʷʨʥʠʭ ʧʣʘʪʝʞʽʚ ï ʦʨʝʥʜʠ, ʧʽʜʧʠʩʦʢ, ʟʘʨʧʣʘʪʠ ï 

ʧʝʨʝʜʙʘʯʝʥʦ ʨʝʢʫʨʝʥʪʥʽ ʪʨʘʥʟʘʢʮʽʾ: ʢʦʨʠʩʪʫʚʘʯ ʥʘʣʘʰʪʦʚʫʻ ʧʨʘʚʠʣʦ ʟ 

ʧʦʪʨʽʙʥʦʶ ʯʘʩʪʦʪʦʶ ʧʦʚʪʦʨʝʥʥʷ, ʘ ʩʠʩʪʝʤʘ ʩʘʤʦʩʪʽʡʥʦ ʩʪʚʦʨʶʻ ʚʽʜʧʦʚʽʜʥʽ 

ʟʘʧʠʩʠ ʟʘ ʨʦʟʢʣʘʜʦʤ [2]. 

ʇʣʘʪʬʦʨʤʘ ʧʽʜʪʨʠʤʫʻ ʥʝ ʣʠʰʝ ʦʩʦʙʠʩʪʽ, ʘ ʡ ʩʧʽʣʴʥʽ ʬʽʥʘʥʩʠ. ʄʦʜʫʣʴ 

ʙʶʜʞʝʪʫʚʘʥʥʷ ʜʦʟʚʦʣʷʻ ʩʪʚʦʨʶʚʘʪʠ ʙʶʜʞʝʪʠ ʪʨʴʦʭ ʪʠʧʽʚ: ʦʩʦʙʠʩʪʠʡ, 

ʩʽʤʝʡʥʠʡ ʪʘ ʙʽʟʥʝʩʦʚʠʡ. ʉʽʤʝʡʥʽ ʪʘ ʙʽʟʥʝʩʦʚʽ ʙʶʜʞʝʪʠ ʧʽʜʪʨʠʤʫʶʪʴ ʩʧʽʣʴʥʠʡ 

ʜʦʩʪʫʧ ï ʚʣʘʩʥʠʢ ʤʦʞʝ ʟʘʧʨʦʰʫʚʘʪʠ ʽʥʰʠʭ ʢʦʨʠʩʪʫʚʘʯʽʚ ʪʘ ʧʨʠʟʥʘʯʘʪʠ ʾʤ ʨʽʟʥʽ 

ʨʽʚʥʽ ʧʨʘʚ: ʣʠʰʝ ʧʝʨʝʛʣʷʜ, ʨʝʜʘʛʫʚʘʥʥʷ ʘʙʦ ʧʦʚʥʝ ʫʧʨʘʚʣʽʥʥʷ ʙʶʜʞʝʪʦʤ. 

ʂʦʞʝʥ ʙʶʜʞʝʪ ʤʦʞʝ ʤʘʪʠ ʚʩʪʘʥʦʚʣʝʥʠʡ ʣʽʤʽʪ ʚʠʪʨʘʪ, ʷʢʠʡ ʘʥʘʣʽʪʠʯʥʠʡ 

ʤʦʜʫʣʴ ʚʠʢʦʨʠʩʪʦʚʫʻ ʜʣʷ ʧʦʨʽʚʥʷʥʥʷ ʧʣʘʥʦʚʠʭ ʽ ʬʘʢʪʠʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ. 

ʆʢʨʝʤʫ ʨʦʣʴ ʚʽʜʽʛʨʘʻ ʤʦʜʫʣʴ ʬʽʥʘʥʩʦʚʠʭ ʮʽʣʝʡ, ʷʢʠʡ ʨʝʘʣʽʟʫʻ 

ʤʝʭʘʥʽʟʤ ʥʘʢʦʧʠʯʫʚʘʣʴʥʠʭ çʙʘʥʦʢè ʜʣʷ ʜʦʚʛʦʩʪʨʦʢʦʚʦʛʦ ʧʣʘʥʫʚʘʥʥʷ. 

ʂʦʨʠʩʪʫʚʘʯ ʚʠʟʥʘʯʘʻ ʮʽʣʴʦʚʫ ʩʫʤʫ, ʤʦʞʝ ʧʦʧʦʚʥʶʚʘʪʠ ʘʙʦ ʟʥʽʤʘʪʠ ʢʦʰʪʠ ʟ 

ʮʽʣʽ ʚ ʙʫʜʴ-ʷʢʠʡ ʤʦʤʝʥʪ, ʘ ʪʘʢʦʞ ʚʽʜʩʪʝʞʫʚʘʪʠ ʧʨʦʛʨʝʩ ʫ ʚʽʜʩʦʪʢʘʭ. ʂʦʣʠ 

ʥʘʢʦʧʠʯʝʥʘ ʩʫʤʘ ʜʦʩʷʛʘʻ ʮʽʣʴʦʚʦʾ, ʮʽʣʴ ʘʚʪʦʤʘʪʠʯʥʦ ʧʝʨʝʭʦʜʠʪʴ ʫ ʩʪʘʪʫʩ 

ʟʘʚʝʨʰʝʥʦʾ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʩʧʨʠʷʻ ʬʦʨʤʫʚʘʥʥʶ ʬʽʥʘʥʩʦʚʦʾ ʜʠʩʮʠʧʣʽʥʠ ʪʘ 

ʫʩʚʽʜʦʤʣʝʥʦʛʦ ʩʪʘʚʣʝʥʥʷ ʜʦ ʟʘʦʱʘʜʞʝʥʴ [1]. 

ɸʥʘʣʽʪʠʯʥʠʡ ʤʦʜʫʣʴ ʩʠʩʪʝʤʠ ʻ ʢʣʶʯʦʚʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʧʽʜʪʨʠʤʢʠ 

ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ. ɺʽʥ ʨʝʘʣʽʟʫʻ ʥʘʙʽʨ ʽʥʩʪʨʫʤʝʥʪʽʚ ʜʣʷ ʘʥʘʣʽʟʫ ʬʽʥʘʥʩʦʚʠʭ 

ʜʘʥʠʭ, ʚʢʣʶʯʘʶʯʠ: 

¶ ʘʥʘʣʽʟ ʜʠʥʘʤʽʢʠ ʜʦʭʦʜʽʚ ʽ ʚʠʪʨʘʪ ʫ ʯʘʩʽ; 
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¶ ʨʦʟʧʦʜʽʣ ʚʠʪʨʘʪ ʟʘ ʢʘʪʝʛʦʨʽʷʤʠ ʪʘ ʪʝʛʘʤʠ; 

¶ ʧʦʨʽʚʥʷʥʥʷ ʬʽʥʘʥʩʦʚʠʭ ʧʦʢʘʟʥʠʢʽʚ ʟʘ ʨʽʟʥʽ ʧʝʨʽʦʜʠ; 

¶ ʦʮʽʥʢʫ ʚʠʢʦʥʘʥʥʷ ʙʶʜʞʝʪʫ. 

ɺʠʢʦʨʠʩʪʘʥʥʷ ʽʥʪʝʨʘʢʪʠʚʥʦʾ ʚʽʟʫʘʣʽʟʘʮʽʾ ʜʦʟʚʦʣʷʻ ʧʨʝʜʩʪʘʚʠʪʠ 

ʨʝʟʫʣʴʪʘʪʠ ʘʥʘʣʽʟʫ ʫ ʟʨʫʯʥʽʡ ʜʣʷ ʢʦʨʠʩʪʫʚʘʯʘ ʬʦʨʤʽ, ʱʦ ʧʽʜʚʠʱʫʻ 

ʝʬʝʢʪʠʚʥʽʩʪʴ ʩʧʨʠʡʥʷʪʪʷ ʽʥʬʦʨʤʘʮʽʾ ʪʘ ʩʧʨʠʷʻ ʧʨʠʡʥʷʪʪʶ ʦʙˇʨʫʥʪʦʚʘʥʠʭ 

ʬʽʥʘʥʩʦʚʠʭ ʨʽʰʝʥʴ. 

ʆʢʨʝʤʠʡ ʤʦʜʫʣʴ ʥʘʣʘʰʪʫʚʘʥʴ ʥʘʜʘʻ ʢʦʨʠʩʪʫʚʘʯʫ ʮʝʥʪʨʘʣʽʟʦʚʘʥʠʡ 

ʢʦʥʪʨʦʣʴ ʥʘʜ ʧʨʦʬʽʣʝʤ: ʽʤ'ʷ, ʬʦʪʦ ʧʨʦʬʽʣʶ, ʯʘʩʦʚʠʡ ʧʦʷʩ, ʚʘʣʶʪʘ ʟʘ 

ʟʘʤʦʚʯʫʚʘʥʥʷʤ, ʘʜʨʝʩʘ ʝʣʝʢʪʨʦʥʥʦʾ ʧʦʰʪʠ ʪʘ ʧʘʨʘʤʝʪʨʠ ʩʧʦʚʽʱʝʥʴ. 

ʇʝʨʝʜʙʘʯʝʥʦ ʜʚʘ ʨʽʚʥʽ ʧʽʜʧʠʩʢʠ ï ʙʘʟʦʚʠʡ ʪʘ ʨʦʟʰʠʨʝʥʠʡ ï ʽʟ ʚʽʜʧʦʚʽʜʥʠʤ 

ʥʘʙʦʨʦʤ ʜʦʩʪʫʧʥʠʭ ʬʫʥʢʮʽʡ. 

ʉʝʨʝʜ ʢʣʶʯʦʚʠʭ ʧʝʨʝʚʘʛ ʨʦʟʨʦʙʣʝʥʦʾ ʩʠʩʪʝʤʠ ʤʦʞʥʘ ʚʠʜʽʣʠʪʠ: 

¶ ʚʠʢʦʨʠʩʪʘʥʥʷ ʘʩʠʥʭʨʦʥʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʦʙʨʦʙʢʫ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʦʜʥʦʯʘʩʥʠʭ ʟʘʧʠʪʽʚ ʙʝʟ ʙʣʦʢʫʚʘʥʥʷ 

ʧʦʪʦʢʫ; 

¶ ʧʽʜʪʨʠʤʢʫ ʤʫʣʴʪʠʚʘʣʶʪʥʦʩʪʽ ʟʽ ʱʦʛʦʜʠʥʥʠʤ ʦʥʦʚʣʝʥʥʷʤ 

ʢʫʨʩʽʚ ʚʘʣʶʪ; 

¶ ʩʧʽʣʴʥʠʡ ʜʦʩʪʫʧ ʜʦ ʙʶʜʞʝʪʽʚ ʟ ʛʥʫʯʢʦʶ ʨʦʣʴʦʚʦʶ ʤʦʜʝʣʣʶ 

ʧʨʘʚ; 

¶ ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ ʙʝʟʧʝʢʠ: JWT, 2FA, ʧʝʨʝʚʽʨʢʘ ʧʘʨʦʣʽʚ ʟʘ 

ʙʘʟʦʶ ʚʠʪʦʢʽʚ HIBP; 

¶ ʘʚʪʦʤʘʪʠʟʘʮʽʶ ʨʝʛʫʣʷʨʥʠʭ ʬʽʥʘʥʩʦʚʠʭ ʦʧʝʨʘʮʽʡ ʯʝʨʝʟ 

ʨʝʢʫʨʝʥʪʥʽ ʪʨʘʥʟʘʢʮʽʾ ʟ ʛʘʨʘʥʪʦʚʘʥʠʤ ʚʽʜʥʦʚʣʝʥʥʷʤ ʧʽʩʣʷ 

ʟʙʦʾʚ; 

¶ ʩʽʤ ʚʠʜʽʚ ʘʥʘʣʽʪʠʯʥʠʭ ʟʚʽʪʽʚ ʟ ʢʦʥʚʝʨʪʘʮʽʻʶ ʫ ʙʫʜʴ-ʷʢʫ 

ʚʘʣʶʪʫ; 

¶ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʯʝʢʽʚ ʪʘ ʽʤʧʦʨʪ ʜʘʥʠʭ ʟ ʬʘʡʣʽʚ; 

¶ ʤʦʜʫʣʴʥʫ ʘʨʭʽʪʝʢʪʫʨʫ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʣʝʛʢʝ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʪʘ 

ʨʦʟʰʠʨʝʥʥʷ. 

ʉʪʨʫʢʪʫʨʥʫ ʜʽʘʛʨʘʤʫ ʘʨʭʽʪʝʢʪʫʨʠ ʨʦʟʨʦʙʣʝʥʦʾ ʩʠʩʪʝʤʠ, ʱʦ 

ʚʽʜʦʙʨʘʞʘʻ ʚʟʘʻʤʦʜʽʶ ʢʣʽʻʥʪʩʴʢʦʾ ʯʘʩʪʠʥʠ, ʩʝʨʚʝʨʥʠʭ ʤʦʜʫʣʽʚ, ʙʘʟʠ ʜʘʥʠʭ ʪʘ 

ʟʦʚʥʽʰʥʽʭ ʩʝʨʚʽʩʽʚ, ʥʘʚʝʜʝʥʦ ʥʘ ʨʠʩʫʥʢʫ 1: 
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ʈʠʩ. 1. ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ 

ʆʪʞʝ, ʨʦʟʨʦʙʣʝʥʘ ʚʝʙ-ʧʣʘʪʬʦʨʤʘ ʻ ʝʬʝʢʪʠʚʥʠʤ ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ 

ʫʧʨʘʚʣʽʥʥʷ ʷʢ ʦʩʦʙʠʩʪʠʤʠ, ʪʘʢ ʽ ʩʧʽʣʴʥʠʤʠ ʬʽʥʘʥʩʘʤʠ, ʱʦ ʧʦʻʜʥʫʻ ʬʫʥʢʮʽʾ 

ʦʙʣʽʢʫ, ʘʥʘʣʽʟʫ ʪʘ ʧʣʘʥʫʚʘʥʥʷ ʚ ʦʜʥʦʤʫ ʨʽʰʝʥʥʽ. ʇʣʘʪʬʦʨʤʘ ʩʧʨʠʷʻ 

ʧʽʜʚʠʱʝʥʥʶ ʬʽʥʘʥʩʦʚʦʾ ʛʨʘʤʦʪʥʦʩʪʽ ʢʦʨʠʩʪʫʚʘʯʽʚ ʪʘ ʩʪʚʦʨʶʻ ʧʝʨʝʜʫʤʦʚʠ ʜʣʷ 

ʧʦʜʘʣʴʰʦʛʦ ʨʦʟʚʠʪʢʫ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ ʧʽʜʪʨʠʤʢʠ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʫ 

ʬʽʥʘʥʩʦʚʽʡ ʩʬʝʨʽ [10]. 

ʇʝʨʩʧʝʢʪʠʚʥʠʤʠ ʥʘʧʨʷʤʘʤʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʻ ʽʥʪʝʛʨʘʮʽʷ ʟ 

ʙʘʥʢʽʚʩʴʢʠʤʠ API, ʚʠʢʦʨʠʩʪʘʥʥʷ ʤʝʪʦʜʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ 

ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʬʽʥʘʥʩʦʚʦʾ ʧʦʚʝʜʽʥʢʠ, ʘ ʪʘʢʦʞ ʨʦʟʰʠʨʝʥʥʷ ʬʫʥʢʮʽʦʥʘʣʫ 

ʘʥʘʣʽʪʠʯʥʦʛʦ ʤʦʜʫʣʷ ʟ ʧʽʜʪʨʠʤʢʦʶ ʙʶʜʞʝʪʥʠʭ ʧʨʦʛʥʦʟʽʚ. 
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ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ  

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

viktoriia-anastasiia.horak@lnu.edu.ua 

ʋ ʩʫʯʘʩʥʦʤʫ ʮʠʬʨʦʚʦʤʫ ʩʝʨʝʜʦʚʠʱʽ ʩʪʨʽʤʢʦ ʟʨʦʩʪʘʻ ʢʽʣʴʢʽʩʪʴ 

ʟʦʙʨʘʞʝʥʴ, ʩʪʚʦʨʝʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ ʛʝʥʝʨʘʪʠʚʥʠʭ ʤʦʜʝʣʝʡ (GAN, Diffusion). 

ʎʝ ʩʪʚʦʨʶʻ ʥʦʚʽ ʚʠʢʣʠʢʠ, ʧʦʚôʷʟʘʥʽ ʟ ʧʝʨʝʚʽʨʢʦʶ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʢʦʥʪʝʥʪʫ, 

ʟʦʢʨʝʤʘ ʚ ʤʝʜʽʘ, ʥʘʫʮʽ ʪʘ ʢʽʙʝʨʙʝʟʧʝʮʽ. ʊʦʤʫ ʘʢʪʫʘʣʴʥʦʶ ʻ ʟʘʜʘʯʘ 

ʘʚʪʦʤʘʪʠʟʦʚʘʥʦʛʦ ʚʠʷʚʣʝʥʥʷ ʰʪʫʯʥʦ ʟʛʝʥʝʨʦʚʘʥʠʭ ʟʦʙʨʘʞʝʥʴ. 

ɼʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʮʽʻʾ ʟʘʜʘʯʽ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʩʠʩʪʝʤʫ ʥʘ ʦʩʥʦʚʽ ʤʝʪʦʜʽʚ 

ʛʣʠʙʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʱʦ ʜʦʟʚʦʣʷʻ ʢʣʘʩʠʬʽʢʫʚʘʪʠ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʨʝʘʣʴʥʽ ʪʘ 

ʟʛʝʥʝʨʦʚʘʥʽ. ɺ ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʥʘʙʽʨ ʟʦʙʨʘʞʝʥʴ, 

ʦʨʛʘʥʽʟʦʚʘʥʠʡ ʟʘ ʢʣʘʩʘʤʠ, ʷʢʽ ʘʚʪʦʤʘʪʠʯʥʦ ʟʯʠʪʫʶʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʙʽʙʣʽʦʪʝʢʠ torchvision. 

ɹʫʣʦ ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʥʥʷ ʜʝʢʽʣʴʢʦʭ ʤʦʜʝʣʝʡ ʟʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, 

ʟʦʢʨʝʤʘ ʙʘʟʦʚʦʾ CNN, ResNet-ʧʦʜʽʙʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ ʪʘ ʢʘʩʪʦʤʥʦʾ ʤʦʜʝʣʽ 

AIImageDetector. ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʥʘʚʝʜʝʥʦ ʫ ʪʘʙʣʠʮʽ. 

 

 

https://fastapi.tiangolo.com/
https://fastapi.tiangolo.com/
https://react.dev/
https://react.dev/
https://www.postgresql.org/docs/
https://www.postgresql.org/docs/
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ʊʘʙʣ. 1 ʇʦʨʽʚʥʷʥʥʷ ʤʦʜʝʣʝʡ ʟʘ ʦʩʥʦʚʥʠʤʠ ʤʝʪʨʠʢʘʤʠ ʷʢʦʩʪʽ 

ʄʦʜʝʣʴ Accuracy Precision Recall F1-score 

CNN (ʙʘʟʦʚʘ) 0.91 0.90 0.89 0.89 

ResNet18 0.97 0.96 0.98 0.95 

AIImageDetector 0.95 0.94 0.96 0.93 

ʈʝʟʫʣʴʪʘʪʠ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʧʦʢʘʟʘʣʠ, ʱʦ ʥʘʡʢʨʘʱʫ ʷʢʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʟʘʙʝʟʧʝʯʫʻ ʘʨʭʽʪʝʢʪʫʨʘ ResNet18, ʷʢʘ ʽ ʙʫʣʘ ʦʙʨʘʥʘ ʜʣʷ ʧʦʜʘʣʴʰʦʛʦ 

ʚʠʢʦʨʠʩʪʘʥʥʷ. 

ResNet (Residual Network) ʻ ʛʣʠʙʠʥʥʦʶ ʥʝʡʨʦʥʥʦʶ ʤʝʨʝʞʝʶ, ʢʣʶʯʦʚʦʶ 

ʦʩʦʙʣʠʚʽʩʪʶ ʷʢʦʾ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʟʘʣʠʰʢʦʚʠʭ (residual) ʟʚôʷʟʢʽʚ. ɺʦʥʠ 

ʜʦʟʚʦʣʷʶʪʴ ʫʥʠʢʥʫʪʠ ʧʨʦʙʣʝʤʠ ʟʥʠʢʥʝʥʥʷ ʛʨʘʜʽʻʥʪʘ ʪʘ ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʝʬʝʢʪʠʚʥʝ ʥʘʚʯʘʥʥʷ ʛʣʠʙʦʢʠʭ ʤʝʨʝʞ. 

ɿʛʦʨʪʢʦʚʘ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʨʝʘʣʽʟʫʻ ʚʽʜʦʙʨʘʞʝʥʥʷ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ὼɴ Ὑ ʫ ʧʨʦʩʪʽʨ ʦʟʥʘʢ ʟʘ ʜʦʧʦʤʦʛʦʶ ʧʦʩʣʽʜʦʚʥʦʩʪʽ 

ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʽʚ: 

ὼ „ὡ ὼz ὦ  

ʜʝ * ï ʦʧʝʨʘʮʽʷ  ʟʛʦʨʪʢʠ  , ὡ  ï ʷʜʨʦ  ʟʛʦʨʪʢʠ, ὦ    ï ʟʤʽʱʝʥʥʷ, ů ï ʥʝʣʽʥʽʡʥʘ 

ʬʫʥʢʮʽʷ ̨̗̩́̋̓̉̃́Ȣ 

ɺ ʘʨʭʽʪʝʢʪʫʨʽ ResNet ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʟʘʣʠʰʢʦʚʠʡ ʙʣʦʢ, ʷʢʠʡ 

ʦʧʠʩʫʻʪʴʩʷ ʷʢ: 

ώ Ὂὼȟὡ ὼ 

ʜʝ Ὂὼȟὡ  ï ʟʘʣʠʰʢʦʚʝ ʚʽʜʦʙʨʘʞʝʥʥʷ, ʱʦ ʘʧʨʦʢʩʠʤʫʻʪʴʩʷ ʢʽʣʴʢʦʤʘ 

ʟʛʦʨʪʢʦʚʠʤʠ ʰʘʨʘʤʠ. ʊʘʢʘ ʩʪʨʫʢʪʫʨʘ ʜʦʟʚʦʣʷʻ ʟʙʝʨʽʛʘʪʠ ʽʥʬʦʨʤʘʮʽʶ ʧʨʦ 

ʚʭʽʜʥʠʡ ʩʠʛʥʘʣ ʪʘ ʧʦʢʨʘʱʫʻ ʧʨʦʭʦʜʞʝʥʥʷ ʛʨʘʜʽʻʥʪʘ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ. 

ɼʣʷ ʟʘʜʘʯʽ ʙʽʥʘʨʥʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʠʭʽʜ ʤʦʜʝʣʽ ʧʦʜʘʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ 

ʚʝʢʪʦʨʘ ʣʦʛʽʪʽʚ: 

ᾀ ᾀȟᾀ  

ʷʢʽ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʫ ʡʤʦʚʽʨʥʦʩʪʽ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʫʥʢʮʽʾ softmax: 

◐ͮ
▄◑░

В ▄◑░▒

 

ʌʫʥʢʮʽʷ ʚʪʨʘʪ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ ʢʨʦʩ-ʝʥʪʨʦʧʽʷ: 

╛ ◐░■▫▌ ◐ͮ
╘

 

ʄʽʥʽʤʽʟʘʮʽʷ ʬʫʥʢʮʽʾ ʚʪʨʘʪ ʟʜʽʡʩʥʶʻʪʴʩʷ ʤʝʪʦʜʦʤ ʛʨʘʜʽʻʥʪʥʦʛʦ ʩʧʫʩʢʫ: 
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╦ȡ ╦ Ɫ♩╦╛ 

ʜʝ ɖ ï ʰʚʠʜʢʽʩʪʴ ʥʘʚʯʘʥʥʷ. 

ʋ ʧʨʦʮʝʩʽ ʥʘʚʯʘʥʥʷ ʟʦʙʨʘʞʝʥʥʷ ʧʨʠʚʦʜʷʪʴʩʷ ʜʦ ʨʦʟʤʽʨʫ 224Ĭ224 ʪʘ 

ʥʦʨʤʘʣʽʟʫʶʪʴʩʷ. ʄʦʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ ʧʘʢʝʪʘʤʠ (batch size = 32) ʧʨʦʪʷʛʦʤ 

ʢʽʣʴʢʦʭ ʝʧʦʭ. ʇʽʩʣʷ ʟʘʚʝʨʰʝʥʥʷ ʥʘʚʯʘʥʥʷ ʟʙʝʨʽʛʘʻʪʴʩʷ ʥʝ ʣʠʰʝ ʩʪʘʥ ʤʦʜʝʣʽ, 

ʘʣʝ ʡ ʚʽʜʧʦʚʽʜʥʽʩʪʴ ʢʣʘʩʽʚ, ʱʦ ʜʦʟʚʦʣʷʻ ʢʦʨʝʢʪʥʦ ʚʠʢʦʥʫʚʘʪʠ ʧʦʜʘʣʴʰʝ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ. 

ʈʦʟʨʦʙʣʝʥʫ ʤʦʜʝʣʴ ʽʥʪʝʛʨʦʚʘʥʦ ʫ ʚʝʙ-ʟʘʩʪʦʩʫʥʦʢ, ʜʝ ʢʦʨʠʩʪʫʚʘʯ ʤʘʻ 

ʤʦʞʣʠʚʽʩʪʴ ʟʘʚʘʥʪʘʞʠʪʠ ʟʦʙʨʘʞʝʥʥʷ ʜʣʷ ʧʝʨʝʚʽʨʢʠ. ʇʽʩʣʷ ʦʙʨʦʙʢʠ ʩʠʩʪʝʤʘ 

ʧʦʚʝʨʪʘʻ ʨʝʟʫʣʴʪʘʪ ʢʣʘʩʠʬʽʢʘʮʽʾ (ʨʝʘʣʴʥʝ ʘʙʦ ʟʛʝʥʝʨʦʚʘʥʝ) ʨʘʟʦʤ ʽʟ 

ʚʽʜʧʦʚʽʜʥʦʶ ʡʤʦʚʽʨʥʽʩʪʶ ʥʘʣʝʞʥʦʩʪʽ ʜʦ ʢʦʞʥʦʛʦ ʢʣʘʩʫ, ʱʦ ʟʘʙʝʟʧʝʯʫʻ 

ʟʨʫʯʥʠʡ ʪʘ ʽʥʬʦʨʤʘʪʠʚʥʠʡ ʬʦʨʤʘʪ ʚʟʘʻʤʦʜʽʾ. 

ɯʥʪʝʨʬʝʡʩ ʨʝʘʣʽʟʦʚʘʥʦ ʫ ʚʠʛʣʷʜʽ ʜʚʦʭ ʦʩʥʦʚʥʠʭ ʧʘʥʝʣʝʡ: ʣʽʚʦʨʫʯ 

ʨʦʟʪʘʰʦʚʘʥʦ ʬʦʨʤʫ ʜʣʷ ʟʘʚʘʥʪʘʞʝʥʥʷ ʟʦʙʨʘʞʝʥʥʷ ʪʘ ʡʦʛʦ ʧʦʧʝʨʝʜʥʽʡ 

ʧʝʨʝʛʣʷʜ, ʧʨʘʚʦʨʫʯ ð ʙʣʦʢ ʚʽʜʦʙʨʘʞʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʢʣʘʩʠʬʽʢʘʮʽʾ. ʇʽʩʣʷ 

ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʥʷ ʢʦʨʠʩʪʫʚʘʯ ʦʪʨʠʤʫʻ ʪʝʢʩʪʦʚʠʡ ʚʠʩʥʦʚʦʢ ʱʦʜʦ ʪʠʧʫ 

ʟʦʙʨʘʞʝʥʥʷ, ʘ ʪʘʢʦʞ ʯʠʩʣʦʚʽ ʟʥʘʯʝʥʥʷ ʡʤʦʚʽʨʥʦʩʪʝʡ, ʱʦ ʜʦʟʚʦʣʷʻ ʦʮʽʥʠʪʠ 

ʚʧʝʚʥʝʥʽʩʪʴ ʤʦʜʝʣʽ ʫ ʧʨʠʡʥʷʪʦʤʫ ʨʽʰʝʥʥʽ. 

ʈʝʟʫʣʴʪʘʪ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦʜʘʪʢʦʚʦ ʚʽʟʫʘʣʽʟʫʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʢʦʣʴʦʨʦʚʦʛʦ ʚʠʜʽʣʝʥʥʷ: ʜʣʷ ʨʝʘʣʴʥʠʭ ʟʦʙʨʘʞʝʥʴ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʟʝʣʝʥʠʡ 

ʢʦʣʽʨ, ʜʣʷ ʟʛʝʥʝʨʦʚʘʥʠʭ ï ʯʝʨʚʦʥʠʡ, ʱʦ ʧʦʢʨʘʱʫʻ ʩʧʨʠʡʥʷʪʪʷ ʨʝʟʫʣʴʪʘʪʽʚ. 

 

ʈʠʩ. 1. ʈʝʟʫʣʴʪʘʪ ʨʦʙʦʪʠ ʤʦʜʝʣʽ ʫ ʚʟʘʻʤʦʜʽʾ ʟ ʚʝʙ-ʟʘʩʪʦʩʫʥʢʦʤ 
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ɿʘʧʨʦʧʦʥʦʚʘʥʘ ʩʠʩʪʝʤʘ ʜʝʤʦʥʩʪʨʫʻ ʚʠʩʦʢʫ ʝʬʝʢʪʠʚʥʽʩʪʴ ʫ ʟʘʜʘʯʽ 

ʚʠʷʚʣʝʥʥʷ ʰʪʫʯʥʦ ʟʛʝʥʝʨʦʚʘʥʠʭ ʟʦʙʨʘʞʝʥʴ ʪʘ ʤʦʞʝ ʙʫʪʠ ʚʠʢʦʨʠʩʪʘʥʘ ʜʣʷ 

ʙʦʨʦʪʴʙʠ ʟ ʜʝʟʽʥʬʦʨʤʘʮʽʻʶ ʪʘ ʧʽʜʨʦʙʣʝʥʠʤ ʮʠʬʨʦʚʠʤ ʢʦʥʪʝʥʪʦʤ. 
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ʈʆɿʈʆɹʂɸ ɿɸʍʀʑɽʅʆɻʆ ɼʆɼɸʊʂʋ ɼʃʗ ʂʆʅʊʈʆʃʖ ʌɯʅɸʅʉɯɺ 
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ɺʩʪʫʧ 

 ʋ ʩʫʯʘʩʥʦʤʫ ʩʚʽʪʽ ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʚʩʝ ʙʽʣʴʰʝ ʚʠʢʦʨʠʩʪʘʥʥʷ ʐɯ ʚ 

ʧʦʙʫʪʦʚʦʤʫ ʞʠʪʪʽ ʪʘ ʨʽʟʥʦʛʦ ʨʦʜʫ ʚʝʙ-ʜʦʜʘʪʢʘʭ. ʊʘ ʨʘʟʦʤ ʽʟ ʩʧʨʦʱʝʥʥʷʤ 

ʙʫʜʝʥʥʠʭ ʟʘʜʘʯ ʪʘ ʘʚʪʦʤʘʪʠʟʘʮʽʾ, ʟʙʽʣʴʰʫʻʪʴʩʷ ʢʽʣʴʢʽʩʪʴ ʢʽʙʝʨʟʘʛʨʦʟ 

ʧʦʚôʷʟʘʥʠʭ ʽʟ ʚʠʪʦʢʦʤ ʢʦʥʬʽʜʝʥʮʽʡʥʠ ʜʘʥʠʭ. ʆʩʦʙʣʠʚʦ ʢʨʠʪʠʯʥʠʤ ʮʝ ʻ ʜʣʷ 

ʬʽʥʘʥʩʦʚʦʛʦ ʤʦʥʽʪʦʨʠʥʛʫ, ʜʝ ʽʥʬʦʨʤʘʮʽʷ ʧʨʦ ʜʦʭʦʜʠ ʪʘ ʚʠʪʨʘʪʠ ʻ ʧʨʷʤʦʶ 

ʤʽʰʝʥʥʶ ʜʣʷ ʟʣʦʚʤʠʩʥʠʢʽʚ. 

 ʂʦʨʠʩʪʫʚʘʯʽ ʩʪʠʢʘʶʪʴʩʷ ʟ ʜʠʣʝʤʦʶ: ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʟʨʫʯʥʽ ʭʤʘʨʥʽ 

ʩʝʨʚʽʩʠ ʟ ʝʣʝʤʝʥʪʘʤʠ ʐɯ, ʨʠʟʠʢʫʶʯʠ ʧʨʠʚʘʪʥʽʩʪʶ, ʘʙʦ ʦʙʠʨʘʪʠ ʟʘʢʨʠʪʽ 

ʩʠʩʪʝʤʠ, ʧʦʟʙʘʚʣʝʥʽ ʽʥʪʝʣʝʢʪʫʘʣʴʥʦʾ ʘʥʘʣʽʪʠʢʠ. ʈʦʟʨʦʙʣʝʥʠʡ ʜʦʜʘʪʦʢ ʚʠʨʽʰʫʻ 

ʮʶ ʧʨʦʙʣʝʤʫ, ʚʧʨʦʚʘʜʞʫʶʯʠ ʢʦʥʮʝʧʮʽʶ Privacy-First AI. ʎʝ ʦʟʥʘʯʘʻ, ʱʦ 

ʩʠʩʪʝʤʘ ʥʘʜʘʻ ʢʦʨʠʩʪʫʚʘʯʝʚʽ ʧʦʪʫʞʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ (ML) 

https://pytorch.org/docs/
https://arxiv.org/abs/1406.2661
https://arxiv.org/abs/1512.03385
https://arxiv.org/abs/1412.6980
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ʪʘ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʐɯ (LLM), ʦʜʥʦʯʘʩʥʦ ʛʘʨʘʥʪʫʶʯʠ, ʱʦ ʞʦʜʥʘ ʦʜʠʥʠʮʷ 

ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ ʥʝ ʧʦʪʨʘʧʠʪʴ ʜʦ ʪʨʝʪʽʭ ʩʪʦʨʽʥ ʫ ʚʽʜʢʨʠʪʦʤʫ ʚʠʛʣʷʜʽ. 

ʈʝʘʣʽʟʘʮʽʷ ʩʠʩʪʝʤʠ 

 ɼʣʷ ʩʪʚʦʨʝʥʥʷ ʢʦʤʧʣʝʢʩʥʦʾ ʩʠʩʪʝʤʠ ʫʧʨʘʚʣʽʥʥʷ ʦʩʦʙʠʩʪʠʤʠ 

ʬʽʥʘʥʩʘʤʠ ʙʫʣʦ ʦʙʨʘʥʦ ʤʦʚʫ ʧʨʦʛʨʘʤʫʚʘʥʥʷ Python, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʛʥʫʯʢʽʩʪʴ 

ʧʨʠ ʨʦʙʦʪʽ ʟ ʚʝʣʠʢʠʤʠ ʤʘʩʠʚʘʤʠ ʜʘʥʠʭ, ʚʙʫʜʦʚʘʥʫ ʧʽʜʪʨʠʤʢʫ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʭ 

ʧʨʦʪʦʢʦʣʽʚ ʪʘ ʰʚʠʜʢʫ ʽʥʪʝʛʨʘʮʽʶ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʝʨʚʽʩʽʚ. Backend: 

ʈʝʘʣʽʟʦʚʘʥʦ ʥʘ ʙʘʟʽ ʬʨʝʡʤʚʦʨʢʫ Django REST Framework (DRF), ʱʦ ʜʦʟʚʦʣʷʻ 

ʙʫʜʫʚʘʪʠ ʤʘʩʰʪʘʙʦʚʘʥʽ API ʪʘ ʽʟʦʣʶʚʘʪʠ ʙʽʟʥʝʩ-ʣʦʛʽʢʫ ʚʽʜ ʟʘʩʦʙʽʚ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʜʘʥʠʭ. ʎʝʡ ʬʨʝʡʤʚʦʨʢ ʚʚʘʞʘʻʪʴʩʷ ʥʘʡʙʝʟʧʝʯʥʽʰʠʤ, ʘʜʞʝ ʫ 

ʥʴʦʤʫ ʚʞʝ ʢʣʶʯʝʥʠʡ ʟʘʭʠʩʪ ʚʽʜ ʙʘʛʘʪʴʦʭ ʚʨʘʟʣʠʚʦʩʪʝʡ, ʷʢ XSS, SQL-ʽʥôʻʢʮʽʾ, 

Brute force ʪʘ ʽʥʰʽ. 

 ɻʨʘʬʽʯʥʠʡ ʽʥʪʝʨʬʝʡʩ ʢʦʨʠʩʪʫʚʘʯʘ ʨʦʟʨʦʙʣʝʥʦ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ 

ʙʽʙʣʽʦʪʝʢʠ React, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʩʪʚʦʨʝʥʥʷ ʘʜʘʧʪʠʚʥʠʭ ʟʘʩʪʦʩʫʥʢʽʚ ʽʟ 

ʤʽʥʽʤʘʣʽʩʪʠʯʥʠʤ ʧʽʜʭʦʜʦʤ ʪʘ ʚʠʩʦʢʦʶ ʰʚʠʜʢʽʩʪʶ ʚʽʜʛʫʢʫ. 

 ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʨʝʣʷʮʽʡʥʘ ʙʘʟʘ ʜʘʥʠʭ PostgreSQL.  

 ʋʩʽ ʢʨʠʪʠʯʥʽ ʧʦʣʷ (ʝʣʝʢʪʨʦʥʥʘ ʧʦʰʪʘ, ʦʧʠʩʠ ʪʨʘʥʟʘʢʮʽʡ) ʟʘʭʠʱʝʥʽ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʙʽʙʣʽʦʪʝʢʠ cryptography.fernet. ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʩʠʤʝʪʨʠʯʥʝ 

ʰʠʬʨʫʚʘʥʥʷ ʟʘ ʩʪʘʥʜʘʨʪʦʤ AES (Advanced Encryption Standard) ʫ ʨʝʞʠʤʽ GCM 

(Galois/Counter Mode), ʱʦ ʛʘʨʘʥʪʫʻ ʢʦʥʬʽʜʝʥʮʽʡʥʽʩʪʴ ʪʘ ʮʽʣʽʩʥʽʩʪʴ ʜʘʥʠʭ ʥʘ 

ʨʽʚʥʽ ʦʢʨʝʤʠʭ ʟʘʧʠʩʽʚ ʫ ɹɼ.  ʇʘʨʦʣʽ ʢʦʨʠʩʪʫʚʘʯʽʚ ʦʙʨʦʙʣʷʶʪʴʩʷ ʙʽʙʣʽʦʪʝʢʦʶ 

bcrypt. ʉʠʩʪʝʤʘ ʟʙʝʨʽʛʘʻ ʣʠʰʝ ʥʝʟʚʦʨʦʪʥʽ ʭʝʰʽ ʟ ʜʦʜʘʚʘʥʥʷʤ ʚʠʧʘʜʢʦʚʦʾ çʩʦʣʽè 

(random salt), ʱʦ ʥʽʚʝʣʶʻ ʨʠʟʠʢʠ ʘʪʘʢ ʟʘ ʧʦʧʝʨʝʜʥʴʦ ʦʙʯʠʩʣʝʥʠʤʠ ʪʘʙʣʠʮʷʤʠ 

(çrainbow tablesè).  

 ɺʧʨʦʚʘʜʞʝʥʦ ʤʝʭʘʥʽʟʤ ʧʽʜʪʚʝʨʜʞʝʥʥʷ ʨʝʻʩʪʨʘʮʽʾ ʯʝʨʝʟ ʢʦʜʠ 

ʚʝʨʠʬʽʢʘʮʽʾ ʥʘ ʧʦʰʪʫ (OTP) ʪʘ ʙʘʛʘʪʦʬʘʢʪʦʨʥʫ ʘʚʪʝʥʪʠʬʽʢʘʮʽʶ (SMS 2FA), ʱʦ 

ʟʘʧʦʙʽʛʘʻ ʩʪʚʦʨʝʥʥʶ ʥʝʣʝʛʽʪʠʤʥʠʭ ʦʙʣʽʢʦʚʠʭ ʟʘʧʠʩʽʚ. 

 ɼʣʷ ʤʦʥʽʪʦʨʠʥʛʫ ʙʝʟʧʝʢʠ ʨʝʘʣʽʟʦʚʘʥʦ ʩʠʩʪʝʤʫ ʨʝʻʩʪʨʘʮʽʾ ʧʦʜʽʡ ʫ 

ʚʽʜʦʢʨʝʤʣʝʥʽ ʣʦʛ-ʬʘʡʣʠ. ʇʨʦʮʝʩ ʣʦʛʫʚʘʥʥʷ ʻ ʘʥʦʥʽʤʽʟʦʚʘʥʠʤ: ʟʙʝʨʽʛʘʻʪʴʩʷ 

ʣʠʰʝ ʽʜʝʥʪʠʬʽʢʘʪʦʨ ʧʦʜʽʾ ʪʘ ʥʽʢʥʝʡʤ ʢʦʨʠʩʪʫʚʘʯʘ, ʱʦ ʜʦʟʚʦʣʷʻ ʚʽʜʩʪʝʞʫʚʘʪʠ 

ʘʢʪʠʚʥʽʩʪʴ ʩʠʩʪʝʤʠ ʙʝʟ ʧʦʨʫʰʝʥʥʷ ʧʨʠʚʘʪʥʦʩʪʽ ʬʽʥʘʥʩʦʚʦʛʦ ʞʠʪʪʷ ʦʩʦʙʠ. 

ʇʨʝʚʝʥʪʠʚʥʘ ʜʝʽʜʝʥʪʠʬʽʢʘʮʽʷ ʪʘ ʪʦʢʝʥʽʟʘʮʽʷ ʜʘʥʠʭ 

 ʅʘʡʚʘʞʣʠʚʽʰʠʤ ʨʽʚʥʝʤ ʟʘʭʠʩʪʫ ʧʝʨʝʜ ʚʽʜʧʨʘʚʢʦʶ ʢʦʥʪʝʢʩʪʫ ʜʦ LLM 

ʻ ʤʦʜʫʣʴ ʚʠʷʚʣʝʥʥʷ ʪʘ ʤʘʩʢʫʚʘʥʥʷ ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ. ʎʝʡ ʧʨʦʮʝʩ 

ʚʠʢʦʨʠʩʪʦʚʫʻ ʤʝʪʦʜʠ ʦʙʨʦʙʢʠ ʧʨʠʨʦʜʥʦʾ ʤʦʚʠ (NLP) ʜʣʷ ʨʦʟʧʽʟʥʘʚʘʥʥʷ 

ʽʤʝʥʦʚʘʥʠʭ ʩʫʪʥʦʩʪʝʡ (Named Entity Recognition, NER). 
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 ɸʣʛʦʨʠʪʤ ʩʢʘʥʫʻ ʜʝʰʠʬʨʦʚʘʥʽ ʦʧʠʩʠ ʪʨʘʥʟʘʢʮʽʡ ʪʘ ʽʜʝʥʪʠʬʽʢʫʻ ʢʣʘʩʠ 

ʩʫʪʥʦʩʪʝʡ: ʽʤʝʥʘ ʦʩʽʙ (ʥʘʧʨʠʢʣʘʜ, ʢʦʥʪʨʘʛʝʥʪʽʚ), ʛʝʦʛʨʘʬʽʯʥʽ ʥʘʟʚʠ, ʥʘʟʚʠ 

ʢʦʤʧʘʥʽʡ, ʽʜʝʥʪʠʬʽʢʘʮʽʡʥʽ ʥʦʤʝʨʠ. ɺʠʷʚʣʝʥʽ ʯʫʪʣʠʚʽ ʩʫʪʥʦʩʪʽ ʥʝ ʧʨʦʩʪʦ 

ʚʠʜʘʣʷʶʪʴʩʷ, ʘ ʟʘʤʽʥʶʶʪʴʩʷ ʫʥʽʢʘʣʴʥʠʤʠ ʧʩʝʚʜʦʥʽʤʘʤʠ-ʪʝʛʘʤʠ (ʥʘʧʨʠʢʣʘʜ, 

ʟʘʤʽʩʪʴ çʇʝʨʝʢʘʟ ʜʣʷ ɯʚʘʥʘ ʥʘ ʢʘʨʪʢʫ ʄʦʥʦʙʘʥʢè ʩʠʩʪʝʤʘ ʬʦʨʤʫʻ ʨʷʜʦʢ 

çʇʝʨʝʢʘʟ ʜʣʷ <PERSON_1> ʥʘ ʢʘʨʪʢʫ <BANK_1>è). ʊʘʢʠʤ ʯʠʥʦʤ, ʐɯ 

ʦʪʨʠʤʫʻ ʧʦʚʥʦʮʽʥʥʠʡ ʩʝʤʘʥʪʠʯʥʠʡ ʢʦʥʪʝʢʩʪ ʜʣʷ ʨʦʟʫʤʽʥʥʷ ʩʪʨʫʢʪʫʨʠ ʚʠʪʨʘʪ, 

ʘʣʝ ʟʘʣʠʰʘʻʪʴʩʷ ʧʦʚʥʽʩʪʶ çʩʣʽʧʠʤè ʱʦʜʦ ʨʝʘʣʴʥʠʭ ʧʝʨʩʦʥʘʣʽʡ. 

 ʆʢʨʽʤ ʮʴʦʛʦ, ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʨʦʟʤʠʪʪʷ ʪʦʯʥʠʭ ʜʘʪ (ʟʘʤʽʩʪʴ 12.04 ð 

"ʙʣʠʟʴʢʦ ʪʠʞʥʷ ʪʦʤʫ"). ʊʘʢʦʞ ʜʦʜʘʥʝ ʦʢʨʫʛʣʝʥʥʷ ʩʫʤ ʪʘ ʜʦʜʘʚʘʥʥʷ Ñ15% 

ʚʠʧʘʜʢʦʚʦʛʦ ʰʫʤʫ ʜʣʷ ʟʘʭʠʩʪʫ ʚʽʜ ʽʜʝʥʪʠʬʽʢʘʮʽʾ ʟʘ ʯʝʢʦʤ. 

ɺʝʢʪʦʨʠ ʘʪʘʢ ʥʘ LLM ʪʘ ʤʝʭʘʥʽʟʤʠ ʧʨʦʪʠʜʽʾ 

 ʉʠʩʪʝʤʠ, ʧʦʙʫʜʦʚʘʥʽ ʥʘ ʙʘʟʽ LLM, ʻ ʚʨʘʟʣʠʚʠʤʠ ʜʦ ʩʧʝʮʠʬʽʯʥʠʭ ʘʪʘʢ 

ð ʧʝʨʝʜʫʩʽʤ Prompt Injection (ʽʥ'ʻʢʮʽʷ ʧʽʜʢʘʟʦʢ) ʪʘ Jailbreaking (ʦʙʭʽʜ 

ʩʠʩʪʝʤʥʠʭ ʦʙʤʝʞʝʥʴ), ʤʝʪʦʶ ʷʢʠʭ ʻ ʟʤʫʩʠʪʠ ʐɯ ʚʠʜʘʪʠ ʟʘʢʨʠʪʫ ʽʥʬʦʨʤʘʮʽʶ 

ʘʙʦ ʚʠʢʦʥʘʪʠ ʥʝʩʘʥʢʮʽʦʥʦʚʘʥʽ ʜʽʾ. ʋ ʩʠʩʪʝʤʽ ʨʝʘʣʽʟʦʚʘʥʦ ʩʪʨʘʪʝʛʽʶ 

ʝʰʝʣʦʥʦʚʘʥʦʛʦ ʟʘʭʠʩʪʫ. 

 ʋʩʽ ʚʭʽʜʥʽ ʟʘʧʠʪʠ ʢʦʨʠʩʪʫʚʘʯʘ ʧʨʦʭʦʜʷʪʴ ʧʦʧʝʨʝʜʥʶ ʬʽʣʴʪʨʘʮʽʶ. 

ʉʠʩʪʝʤʘ ʚʠʷʚʣʷʻ ʪʘ ʥʝʡʪʨʘʣʽʟʫʻ ʢʝʨʫʶʯʽ ʧʦʩʣʽʜʦʚʥʦʩʪʽ ʪʘ ʩʪʦʧ-ʬʨʘʟʠ, ʪʠʧʦʚʽ 

ʜʣʷ ʘʪʘʢ (ʥʘʧʨʠʢʣʘʜ, ʽʛʥʦʨʫʚʘʥʥʷ ʧʦʧʝʨʝʜʥʽʭ ʽʥʩʪʨʫʢʮʽʡ ʘʙʦ ʩʧʨʦʙʠ 

ʧʝʨʝʧʨʠʟʥʘʯʝʥʥʷ ʨʦʣʽ ʐɯ). 

 ʉʠʩʪʝʤʥʠʡ ʧʨʦʤʧʪ ʤʽʩʪʠʪʴ ʞʦʨʩʪʢʽ ʽʥʩʪʨʫʢʮʽʾ, ʷʢʽ ʦʙʤʝʞʫʶʪʴ ʧʦʣʝ 

ʜʽʷʣʴʥʦʩʪʽ ʤʦʜʝʣʽ ʚʠʢʣʶʯʥʦ ʬʽʥʘʥʩʦʚʠʤ ʘʥʘʣʽʟʦʤ. ʗʢʱʦ ʢʦʨʠʩʪʫʚʘʯ ʛʝʥʝʨʫʻ 

ʟʘʧʠʪ, ʱʦ ʚʠʭʦʜʠʪʴ ʟʘ ʤʝʞʽ ʧʨʝʜʤʝʪʥʦʾ ʦʙʣʘʩʪʽ (ʥʘʧʨʠʢʣʘʜ, ʧʨʦʩʠʪʴ ʥʘʧʠʩʘʪʠ 

ʧʨʦʛʨʘʤʥʠʡ ʢʦʜ ʘʙʦ ʟʛʝʥʝʨʫʚʘʪʠ ʧʦʣʽʪʠʯʥʠʡ ʪʝʢʩʪ), ʩʠʩʪʝʤʘ ʢʣʘʩʠʬʽʢʫʻ ʡʦʛʦ 

ʪʘ ʧʨʠʤʫʩʦʚʦ ʧʦʚʝʨʪʘʻ ʩʪʘʪʫʩ out_of_scope, ʙʣʦʢʫʶʯʠ ʚʽʜʧʦʚʽʜʴ ʤʦʜʝʣʽ ʥʘ 

ʨʽʚʥʽ ʙʝʢʝʥʜʫ. 

 ʆʩʢʽʣʴʢʠ API ʟʦʚʥʽʰʥʽʭ LLM ʻ ʧʣʘʪʥʠʤʠ, ʟʣʦʚʤʠʩʥʠʢʠ ʤʦʞʫʪʴ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʘʚʪʦʤʘʪʠʟʦʚʘʥʽ ʩʢʨʠʧʪʠ ʜʣʷ ʚʠʩʥʘʞʝʥʥʷ ʙʶʜʞʝʪʫ ʩʠʩʪʝʤʠ. 

ɺʧʨʦʚʘʜʞʝʥʦ ʤʦʜʫʣʴ usage_tracker, ʷʢʠʡ ʟʜʽʡʩʥʶʻ ʩʫʚʦʨʠʡ ʢʦʥʪʨʦʣʴ (Rate 

Limiting) ʢʽʣʴʢʦʩʪʽ ʛʝʥʝʨʘʮʽʡ ʜʣʷ ʢʦʞʥʦʛʦ ʢʦʨʠʩʪʫʚʘʯʘ ʟʘ ʜʦʙʫ. 
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ʈʠʩ. 1. ʇʨʠʢʣʘʜ ʦʜʥʽʻʾ ʽʟ ʩʧʨʦʙ ʚʠʢʦʥʘʥʥʷ Prompt Injection 

ɺʠʩʥʦʚʢʠ 

1. ʈʦʟʨʦʙʣʝʥʦ ʽʥʪʝʣʝʢʪʫʘʣʴʥʫ ʩʠʩʪʝʤʫ ʤʦʥʽʪʦʨʠʥʛʫ ʧʝʨʩʦʥʘʣʴʥʠʭ ʬʽʥʘʥʩʽʚ 

ʥʘ ʦʩʥʦʚʽ ʩʪʝʢʫ Django REST Framework ʪʘ React, ʱʦ ʟʘʙʝʟʧʝʯʫʻ ʛʥʫʯʢʽʩʪʴ 

ʦʙʨʦʙʢʠ ʜʘʥʠʭ ʪʘ ʚʠʩʦʢʠʡ ʨʽʚʝʥʴ ʙʝʟʧʝʢʠ ʯʝʨʝʟ ʽʟʦʣʷʮʽʶ ʩʝʨʚʽʩʥʦʛʦ ʰʘʨʫ.   

2. ɺʧʨʦʚʘʜʞʝʥʦ ʘʨʭʽʪʝʢʪʫʨʥʫ ʢʦʥʮʝʧʮʽʶ Privacy-First AI ʥʘ ʙʘʟʽ ʪʝʭʥʦʣʦʛʽʾ 

RAG ʪʘ ʤʦʜʫʣʷ ʧʨʝʚʝʥʪʠʚʥʦʾ ʘʥʦʥʽʤʽʟʘʮʽʾ (PII Redaction), ʱʦ ʜʦʟʚʦʣʷʻ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʧʦʪʫʞʥʦʩʪʽ LLM-ʤʦʜʝʣʝʡ ʙʝʟ ʧʝʨʝʜʘʯʽ ʨʝʘʣʴʥʠʭ 

ʧʝʨʩʦʥʘʣʴʥʠʭ ʜʘʥʠʭ ʪʨʝʪʽʤ ʩʪʦʨʦʥʘʤ.   

3. ɿʘʙʝʟʧʝʯʝʥʦ ʢʨʠʧʪʦʛʨʘʬʽʯʥʠʡ ʟʘʭʠʩʪ ʢʦʥʬʽʜʝʥʮʽʡʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʯʝʨʝʟ 

ʩʠʤʝʪʨʠʯʥʝ AES-128/Fernet ʰʠʬʨʫʚʘʥʥʷ ʥʘ ʨʽʚʥʽ ʦʢʨʝʤʠʭ ʧʦʣʽʚ ɹɼ ʪʘ 

ʽʤʧʣʝʤʝʥʪʦʚʘʥʦ ʤʝʭʘʥʽʟʤ Blind Indexing ʜʣʷ ʧʨʦʚʝʜʝʥʥʷ ʙʝʟʧʝʯʥʦʛʦ 

ʧʦʰʫʢʫ ʟʘ ʟʘʰʠʬʨʦʚʘʥʠʤʠ ʜʘʥʠʤʠ. 

4. ʉʪʚʦʨʝʥʦ ʢʦʤʧʣʝʢʩʥʠʡ ʢʦʥʪʫʨ ʙʝʟʧʝʢʠ, ʱʦ ʚʢʣʶʯʘʻ ʙʘʛʘʪʦʬʘʢʪʦʨʥʫ 

ʘʚʪʝʥʪʠʬʽʢʘʮʽʶ (SMS 2FA, TOTP), ʟʘʭʠʩʪ ʧʘʨʦʣʽʚ ʟʘ ʜʦʧʦʤʦʛʦʶ bcrypt, ʘ 

ʪʘʢʦʞ ʙʘʛʘʪʦʨʽʚʥʝʚʽ ʬʽʣʴʪʨʠ ʜʣʷ ʥʝʡʪʨʘʣʽʟʘʮʽʾ ʘʪʘʢ ʪʠʧʫ Prompt Injection 

ʪʘ Jailbreaking. 
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ʤʦʜʫʣʴ ʟʣʠʪʪʷ ʦʟʥʘʢ FPN+PAN ʪʘ anchor-free ʛʦʣʦʚʢʫ ʜʝʪʝʢʮiʾ. ɿʘʛʘʣʴʥʘ 
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ὒ ‗ ὒ ‗ ὒ ‗ ὒ   (1) 

ʜʝ ‗ πȢυȟ‗ χȢυȟ‗ ρȢυ. ɼʣʷ ʨʝʛʨʝʩʽʾ ʦʙʤʝʞʫʚʘʣʴʥʠʭ ʨʘʤʦʢ 

ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ Complete IoU Loss:  

ὒ ρ ὍέὟ
” ὦȟὦ

ὧ
‌’ 

(2) 

ʷʢʘ ʦʜʥʦʯʘʩʥʦ ʚʨʘʭʦʚʫʻ ʩʪʫʧʽʥʴ ʧʝʨʝʢʨʠʪʪʷ, ʚʽʜʩʪʘʥʴ ʤʽʞ ʮʝʥʪʨʘʤʠ ʪʘ 

ʨʦʟʙʽʞʥʽʩʪʴ ʩʧʽʚʚʽʜʥʦʰʝʥʴ ʩʪʦʨʽʥ. ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʮʽ ʧʝʨʝʚʘʛʠ, ʙʫʜʴ-ʷʢʠʡ 

ʧʦʢʘʜʨʦʚʠʡ ʜʝʪʝʢʪʦʨ ʥʝ ʟʜʘʪʥʠʡ ʘʥʘʣʽʟʫʚʘʪʠ ʯʘʩʦʚʽ ʚʟʘʻʤʦʟʚʷʟʢʠ ʤʽʞ ʢʘʜʨʘʤʠ.  

ɸʣʛʦʨʠʪʤ ByteTrack ʧiʜʪʨʠʤʫʻ ʩʪiʡʢi iʜʝʥʪʠʬiʢʘʪʦʨʠ ʦʙ'ʻʢʪiʚ ʫ ʯʘʩi 

ʯʝʨʝʟ ʜʚʦʝʪʘʧʥʝ ʫʛʦʨʩʴʢʝ ʟiʩʪʘʚʣʝʥʥʷ, ʨʦʟʧʦʜiʣʷʶʯʠ ʜʝʪʝʢʮiʾ ʥʘ ʤʥʦʞʠʥʠ: 

Ὀ ὨȿίὧέὶὩὨ †ȟὈ Ὠ᷉ ίὧέὶὩὨ † (3) 

ʇʨʦʪʝ ʬʽʣʴʪʨ ʂʘʣʤʘʥʘ ʱʦ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʫ ByteTrack, ʨʦʟʨʦʙʣʷʚʩʷ ʜʣʷ 

ʨʫʭʦʤʠʭ ʦʙôʻʢʪʽʚ. ɼʝ ʢʨʦʢ ʧʨʦʛʥʦʟʫʚʘʥʥʷ: 

ὼͮ᷉ Ὂὼͮ ᷉  (4) 

ʂʨʦʢ ʢʦʨʝʢʮʽʾ: 

ὼͮ᷉ ὼͮ᷉ ὑ ᾀ Ὄὼͮ᷉  (5) 

ʇʨʠ ʟʘʩʪʦʩʫʚʘʥʥi ʜʦ ʩʪʘʪʠʯʥʠʭ ʜʦʨʦʞʥiʭ ʟʥʘʢiʚ ʡʦʛʦ ʟʛʣʘʜʞʫʚʘʥʥʷ 

ʢʦʦʨʜʠʥʘʪ ʚʥʦʩʠʪʴ ʩʠʩʪʝʤʘʪʠʯʥʝ ʧʨʦʩʪʦʨʦʚʝ ʟʤiʱʝʥʥʷ, ʷʢʝ ʧʝʨʝʪʚʦʨʶʻ 

iʩʪʠʥʥʦ ʧʦʟʠʪʠʚʥi ʜʝʪʝʢʮiʾ ʥʘ ʭʠʙʥʦ ʧʦʟʠʪʠʚʥi. 

ʄʝʪʦʜʦʣʦʛʽʷ ʜʦʩʣʽʜʞʝʥʥʷ  

ʅʘʚʯʘʥʥʷ ʤʦʜʝʣi ʧʨʦʚʦʜʠʣʦʩʴ ʥʘ DFG Traffic Sign Dataset (~7000 

ʟʦʙʨʘʞʝʥʴ, 200 ʢʘʪʝʛʦʨiʡ). ʅʘʚʯʝʥʘ ʤʦʜʝʣʴ ʜʦʩʷʛʣʘ AP@[0.5:0.95] = 0.73 ʥʘ 

ʪʝʩʪʦʚiʡ ʚʠʙiʨʮi DFG. 

ʆʮiʥʶʚʘʥʥʷ ʥʘ CURE-TSD ʚʠʷʚʠʣʦ ʥʠʟʢʫ ʪʦʯʥʽʩʪʴ ʱʦ ʧiʩʣʷ ʧʝʨʝʚiʨʢʠ 

ʚʠʷʚʠʣʦʩʴ ʥʘʩʣiʜʢʦʤ ʩʠʩʪʝʤʘʪʠʯʥʠʭ ʧʦʤʠʣʦʢ ʫ ʨʦʟʤiʪʮi ʩʘʤʦʛʦ ʜʘʪʘʩʝʪʫ. ɿ 

ʦʛʣʷʜʫ ʥʘ ʮʝ ʨʦʟʨʦʙʣʝʥʦ ʚʣʘʩʥʠʡ ʚiʜʝʦʥʘʙiʨ ʥʘ ʦʩʥʦʚi BelgiumTS Sequences ï 

ʯʦʪʠʨʠ ʧʦʩʣiʜʦʚʥʦʩʪi ʾʟʜʠ, ʟʘʧʠʩʘʥi ʚʦʩʴʤʠʢʘʤʝʨʥʦʶ ʧʘʥʦʨʘʤʥʦʶ ʫʩʪʘʥʦʚʢʦʶ 

ʟ ʚiʜʦʤʠʤʠ 3D-ʢʦʦʨʜʠʥʘʪʘʤʠ ʟʥʘʢiʚ i ʧʘʨʘʤʝʪʨʘʤʠ ʢʘʣiʙʨʫʚʘʥʥʷ ʢʘʤʝʨ. 

ɼʣʷ ʛʝʥʝʨʘʮiʾ ʱiʣʴʥʠʭ ʧʦʢʘʜʨʦʚʠʭ ʘʥʦʪʘʮiʡ ʨʦʟʨʦʙʣʝʥʦ ʛʝʦʤʝʪʨʠʯʥʠʡ 

ʢʦʥʚʝʻʨ ʧʨʦʻʢʮiʾ. 3D-ʧʦʟʠʮiʷ ʟʥʘʢʫ ὖ ʧʝʨʝʪʚʦʨʶʻʪʴʩʷ ʜʦ ʩʠʩʪʝʤʠ ʢʦʦʨʜʠʥʘʪ 

ʪʨʘʥʩʧʦʨʪʥʦʛʦ ʟʘʩʦʙʫ: 

ὖ Ὑ ὖ ὸ  (6) 

ʇʽʩʣʷ ʯʦʛʦ ʜʦ ʩʠʩʪʝʤʠ ʢʦʦʨʜʠʥʘʪ ʢʘʤʝʨʠ: 

ὖ Ὑ ὖ ὸ  (7) 

ʇʨʦʝʢʮʽʷ ʥʘ ʧʣʦʱʠʥʫ ʟʦʙʨʘʞʝʥʥʷ: 
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όȟ’
ὴͯ

ὴͯ
ȟ
ὴͯ

ὴͯ
 

(8) 

ʜʝ ὴͯ ὑ ὖ  

ʈʦʟʤʽʨʠ ʨʘʤʢʠ ʥʘ ʨʽʟʥʠʭ ʚʽʜʩʪʘʥʷʭ ʦʮʽʥʶʶʪʴʩʷ ʟʘ ʟʘʢʦʥʦʤ ʦʙʝʨʥʝʥʦʾ 

ʧʨʦʧʦʨʮʽʡʥʦʩʪʽ ʛʣʠʙʠʥʠ: ύ ύ ȟὬ Ὤ  

ɻʝʦʤʝʪʨʠʯʥʫ ʨʦʟʤiʪʢʫ ʜʦʧʦʚʥʝʥʦ ʧʦʧʝʨʝʜʥʴʦʶ ʘʥʦʪʘʮiʻʶ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʚʝʣʠʢʦʾ ʚiʟʫʘʣʴʥʦʾ ʤʦʜʝʣi, ʧʽʩʣʷ ʯʦʛʦ ʥʨʘʷʚʥʫ ʨʦʟʤʽʪʢʫ ʟ ʜʚʦʭ 

ʜʞʝʨʝʣ ʚʠʢʦʨʠʩʪʘʥʦ ʜʣʷ ʧʦʜʘʣʴʰʦʾ ʨʦʟʤʽʪʢʠ ʚʨʫʯʥʫ ʚ ʩʝʨʝʜʦʚʠʱʽ Label Studio. 

ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʛʽʙʨʠʜʥʠʡ ʤʝʪʦʜ 

ɹʫʣʦ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʛʽʙʨʠʜʥʠʡ ʤʝʪʦʜ ʟ ʝʣʝʤʝʥʪʘʤʠ ʪʨʝʢʽʥʛʫ, ʷʢʠʡ 

ʨʦʟʧʦʜiʣʷʻ ʜʚi ʬʫʥʢʮiʾ ʪʨʝʢiʥʛʫ: ʣʦʢʘʣiʟʘʮiʷ - ʧʦʚʥiʩʪʶ ʚʠʢʦʥʫʻ ʜʝʪʝʢʪʦʨ 

YOLOv8 ʟi ʟʙʝʨʝʞʝʥʥʷʤ ʩʠʨʠʭ ʦʙʤʝʞʫʚʘʣʴʥʠʭ ʨʘʤʦʢ; ʯʘʩʦʚʝ ʛʨʫʧʫʚʘʥʥʷ 

ByteTrack ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚʠʢʣʶʯʥʦ ʜʣʷ ʧʨʠʩʚʦʻʥʥʷ iʜʝʥʪʠʬiʢʘʪʦʨiʚ ʪʨʝʢʘʤ 

ʪʘ ʜʣʷ ʚʠʧʨʘʚʣʝʥʥʷ ʜʝʬʝʢʪʽʚ ʜʝʪʝʢʪʦʨʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʮʽʻʾ ʜʦʜʘʪʢʦʚʦʾ 

ʽʥʬʦʨʤʘʮʽʾ. ɼʝʪʝʢʮiʷ Ὠ ʘʩʦʮiʶʻʪʴʩʷ ʟ ʪʨʝʢʦʤ † ʟʘ ʫʤʦʚʠ: 

ὍέὟὦȟὦͯ — πȢσ (9) 

ʜʝ ὦͯ ï ʧʨʦʛʥʦʟ ʬʽʣʴʪʨʘ ʂʘʣʤʘʥʘ. ʂʦʦʨʜʠʥʘʪʠ ὦʧʨʠ ʮʴʦʤʫ ʥʝ 

ʟʤʽʥʶʶʪʴʩʷ ʧʨʦʛʥʦʟʦʤ. ɼʣʷ ʪʨʝʢʽʚ ʜʦʚʞʠʥʦʶ ὒ ὒ  ʢʣʘʩ ʚʠʟʥʘʯʘʻʪʴʩʩʷ 

ʛʦʣʦʩʫʚʘʥʥʷʤ ʙʽʣʴʰʽʩʪʶ: 

ὧͮ ὥὶὫάὥὼ
ᶰ ȟȣȟ

ρὧ ὧ 

(10) 

ʱʦ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʫʩʫʚʘʻ ʤʝʨʝʭʪiʥʥʷ ʢʣʘʩʠʬiʢʘʮiʾ. ʈʦʟʨʦʙʣʝʥʦ ʜʚʘ 

ʚʘʨiʘʥʪʠ: ɺʘʨiʘʥʪ A - ʜʝʪʝʢʮiʾ ʙʝʟ ʪʨʝʢʫ ʧʝʨʝʜʘʶʪʴʩʷ ʙʝʟ ʟʤiʥ; ɺʘʨiʘʥʪ B - 

ʟʘʣʠʰʘʶʪʴʩʷ ʣʠʰʝ ʜʝʪʝʢʮiʾ ʟ ʧiʜʪʚʝʨʜʞʝʥʠʤʠ ʪʨʝʢʘʤʠ. 

ʆʮiʥʶʚʘʥʥʷ ʧʨʦʚʦʜʠʣʦʩʴ ʟʘ ʧʨʦʪʦʢʦʣʦʤ COCO ʥʘ ʜʚʦʭ ʧʦʩʣiʜʦʚʥʦʩʪʷʭ 

ʚʣʘʩʥʦʛʦ ʜʘʪʘʩʝʪʫ. ʊʘʢʦʞ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʜʚʘ ʨʽʟʥʽ ʢʦʬʽʛʫʨʘʮʽʾ ʪʨʝʢʝʨʘ ï 

track1 ʪʘ track6, ʷʢʽ ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʪʽʣʴʢʠ ʜʦʚʞʠʥʦʶ ʧʘʤôʷʪʽ ʪʨʝʢʝʨʘ. 

ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣʠʮi (1). 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʤʝʪʨʠʢ ʜʝʪʝʢʪʦʨʘ ʪʘ ʛʽʙʨʠʜʥʦʛʦ ʤʝʪʦʜʫ 

ʂʦʥʬʽʛʫʨʘʮʽʷ ʇʦʩʣʽʜ. AP AP50 AP75 AR 

ɼʝʪʝʢʪʦʨ 

Seq01 

0.68 0.75 0.73 0.72 

ByteTrack 0.35 0.51 0.42 0.39 

track1-A 0.68 0.76 0.74 0.73 

track1-B 0.47 0.51 0.51 0.49 



177 

 

track6-A 0.68 0.75 0.73 0.73 

track6-B 0.46 0.50 0.50 0.48 

ɼʝʪʝʢʪʦʨ 

Seq02 

0.72 0.80 0.79 0.83 

ByteTrack 0.44 0.61 0.55 0.48 

track1-A 0.74 0.83 0.82 0.85 

track1-B 0.55 0.61 0.60 0.56 

track6-A 0.74 0.83 0.82 0.85 

track6-B 0.55 0.61 0.60 0.56 

ɺʘʨiʘʥʪ A ʥʘ seq02_01 ʜʦʩʷʛ AP = 0.74 (+2.8% ʚiʜʥʦʩʥʦ ʙʘʟʦʚʦʛʦ 

ʜʝʪʝʢʪʦʨʘ), AP50 ʟʨʦʩʣʦ ʟ 0.80 ʜʦ 0.83, AP75 ð ʟ 0.79 ʜʦ 0.82, AR ð ʟ 0.83 ʜʦ 

0.85, ʧʨʠ ʧʨʘʢʪʠʯʥʦ ʥʝʟʤiʥʥiʡ ʢiʣʴʢʦʩʪi ʜʝʪʝʢʮiʡ (2453 ʧʨʦʪʠ 2480). Iʜʝʥʪʠʯʥi 

ʨʝʟʫʣʴʪʘʪʠ ʜʚʦʭ ʢʦʥʬiʛʫʨʘʮiʡ ʪʨʝʢʝʨʘ ʧiʜʪʚʝʨʜʞʫʶʪʴ, ʱʦ ʧʦʢʨʘʱʝʥʥʷ 

ʟʫʤʦʚʣʝʥʝ ʩʘʤʝ ʤʝʪʦʜʦʣʦʛiʯʥʠʤ ʨʦʟʤʝʞʫʚʘʥʥʷʤ ʬʫʥʢʮiʡ, ʘ ʥʝ ʢʦʥʢʨʝʪʥʠʤʠ 

ʛiʧʝʨʧʘʨʘʤʝʪʨʘʤʠ. ʈiʟʢʝ ʧʘʜiʥʥʷ AP ʫ ɺʘʨiʘʥʪi ɹ (0.47-0.55) ʜʦʚʦʜʠʪʴ: 

ʢʦʨʠʩʥʦʶ ʻ ʚʠʢʣʶʯʥʦ ʬʫʥʢʮiʷ ʯʘʩʦʚʦʛʦ ʛʨʫʧʫʚʘʥʥʷ, ʘ ʥʝ ʬiʣʴʪʨʘʮiʷ ʜʝʪʝʢʮiʡ. 

ɺʠʩʥʦʚʢʠ 

ʅʘʫʢʦʚʘ ʥʦʚʠʟʥʘ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʚ ʟʘʧʨʦʧʦʥʦʚʘʥiʡ ʛiʙʨʠʜʥiʡ 

ʘʨʭiʪʝʢʪʫʨi TSR, ʱʦ ʧʝʨʝʦʩʤʠʩʣʶʻ ʨʦʣʴ ʪʨʝʢiʥʛʫ ʫ ʚiʜʝʦʩʠʩʪʝʤʘʭ: ʟʘʤiʩʪʴ 

ʨʦʟʛʣʷʜʫ ʜʦʨʦʞʥiʭ ʟʥʘʢiʚ ʷʢ ʥʘʙʦʨʫ ʥʝʟʘʣʝʞʥʠʭ ʦʙʤʝʞʫʚʘʣʴʥʠʭ ʨʘʤʦʢ  ʥʘ 

ʦʢʨʝʤʠʭ ʢʘʜʨʘʭ, ʢʦʞʝʥ ʟʥʘʢ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʷʢ ʩʪiʡʢʘ ʯʘʩʦʚʘ ʩʫʪʥiʩʪʴ, ʱʦ 

ʩʧʦʩʪʝʨiʛʘʻʪʴʩʷ ʚʧʨʦʜʦʚʞ ʚiʜʝʦʧʦʩʣiʜʦʚʥʦʩʪi. ʊʨʝʢiʥʛ ʩʣʫʛʫʻ ʥʝ ʟʘʩʦʙʦʤ 

ʫʪʦʯʥʝʥʥʷ ʢʦʦʨʜʠʥʘʪ, ʘ ʤʝʭʘʥiʟʤʦʤ ʥʘʢʦʧʠʯʝʥʥʷ ʢʣʘʩʠʬiʢʘʮiʡʥʠʭ ʨiʰʝʥʴ 

ʚʟʜʦʚʞ ʪʨʘʻʢʪʦʨiʾ ʟʥʘʢʫ ï ʧiʜʭiʜ, ʱʦ ʚʠʨiʰʫʻ ʬʫʥʜʘʤʝʥʪʘʣʴʥʫ ʥʝʩʫʤiʩʥiʩʪʴ 

ʩʪʘʥʜʘʨʪʥʠʭ MOT-ʘʣʛʦʨʠʪʤiʚ iʟ ʟʘʜʘʯʝʶ ʨʦʟʧiʟʥʘʚʘʥʥʷ ʩʪʘʪʠʯʥʠʭ ʦʙ'ʻʢʪiʚ. 

ɼʦʜʘʪʢʦʚʠʤ ʚʥʝʩʢʦʤ ʻ ʩʠʩʪʝʤʘʪʠʯʥʘ ʢiʣʴʢiʩʥʘ ʦʮiʥʢʘ ʪʨʴʦʭ ʤʝʭʘʥiʟʤiʚ 

ʜʝʛʨʘʜʘʮiʾ ʧʨʠ ʧʨʦʩʪiʡ iʥʪʝʛʨʘʮiʾ ʪʨʝʢʝʨʘ - ʜiʘʛʥʦʩʪʠʯʥʘ ʩʠʩʪʝʤʘ, ʟʘʩʪʦʩʦʚʥʘ 

ʜʦ ʙʫʜʴ-ʷʢʦʛʦ ʩʮʝʥʘʨiʶ ʟi ʩʪʘʪʠʯʥʠʤʠ ʦʙ'ʻʢʪʘʤʠ. ʊʘʢʦʞ ʨʦʟʨʦʙʣʝʥʦ ʘʣʛʦʨʠʪʤ 

ʘʥʦʪʫʚʘʥʥʷ BelgiumTS, ʱʦ ʛʝʥʝʨʫʻ ʛʝʦʤʝʪʨʠʯʥʦ ʪʦʯʥʫ ʧʦʢʘʜʨʦʚʫ ʨʦʟʤiʪʢʫ iʟ 

ʨʦʟʨiʜʞʝʥʠʭ 3D-ʢʦʦʨʜʠʥʘʪ. 

ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ ʤʝʪʦʜ ʥʝ ʧʦʪʨʝʙʫʻ ʧʦʚʪʦʨʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʻ ʩʫʤiʩʥʠʤ 

iʟ ʙʫʜʴ-ʷʢʠʤ ʜʝʪʝʢʪʦʨʦʤ YOLO. ʇʝʨʩʧʝʢʪʠʚʠ ʨʦʟʚʠʪʢʫ: ʨʦʟʰʠʨʝʥʥʷ 

ʛʦʣʦʩʫʚʘʥʥʷ ʙiʣʴʰiʩʪʶ ʜʦ ʟʚʘʞʝʥʦʾ ʘʛʨʝʛʘʮiʾ ʟʘ ʚʧʝʚʥʝʥiʩʪʶ, ʪʝʩʪʫʚʘʥʥʷ ʟ 

ʚʠʱʦʶ ʱiʣʴʥiʩʪʶ ʟʥʘʢiʚ ʪʘ iʥʪʝʛʨʘʮiʷ ʟ ʣʝʛʢʦʚʘʛʦʚʠʤʠ ʚʘʨiʘʥʪʘʤʠ ʤʦʜʝʣi ʜʣʷ 

ʚʙʫʜʦʚʘʥʠʭ ʘʚʪʦʤʦʙiʣʴʥʠʭ ʩʠʩʪʝʤ. 

 



178 

 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Zhang Y. et al. ByteTrack: Multi-Object Tracking by Associating Every 

Detection Box // arXiv:2110.06864. - 2022. 

2. Tabernik D., Skocaj D. Deep Learning for Large-Scale Traffic-Sign 

Detection and Recognition // IEEE Trans. ITS. - 2020. - Vol. 21. - P. 1427-

1440. 

3. Timofte R., Zimmermann K., Van Gool L. Multi-view traffic sign 

detection, recognition, and 3D localisation // Machine Vision and 

Applications. - 2014. - Vol. 25. - P. 633-647. 

4. Bewley A. et al. Simple Online and Realtime Tracking // IEEE ICIP. - 2016. 

- P. 3464-3468. 

5. Redmon J. et al. You Only Look Once: Unified, Real-Time Object 

Detection // IEEE CVPR. - 2016. - P. 779-788. 

6. D. Tabernik and D. Skoĝcaj, ñDeep Learning for Large-Scale Traffic- 

Sign Detection and Recognition,ò IEEE Transactions on Intelligent 

Transportation Systems, vol. 21, pp. 1427ï1440, Apr. 2020. 

 

ʈʆɿɺôʗɿɸʅʅʗ ʂʈɸʁʆɺʆɰ ɿɸɼɸʏɯ ɼʀʌʋɿɯɰ-ʈɽɸʂʎɯɰ ʄɽʊʆɼʆʄ 

ʉʂɯʅʏɽʅʅʀʍ ɽʃɽʄɽʅʊɯɺ ɿ ʂʋʉʂʆɺʆ-ʃɯʅɯʁʅʀʄʀ ɹɸɿʀʉʅʀʄʀ 

ʌʋʅʂʎɯʗʄʀ 

ɹʦʛʜʘʥ ʉʪʝʮʠʰʠʥ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ  

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ  

bohdan.stetsyshyn@lnu.edu.ua 

ʈʦʟʛʣʷʥʫʪʦ ʧʦʙʫʜʦʚʫ h-ʘʜʘʧʪʠʚʥʦʾ ʩʭʝʤʠ ʤʝʪʦʜʫ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ 

ʜʣʷ ʨʦʟʚ'ʷʟʫʚʘʥʥʷ ʩʠʥʛʫʣʷʨʥʦ ʟʙʫʨʝʥʠʭ ʢʨʘʡʦʚʠʭ ʟʘʜʘʯ ʜʠʬʫʟʽʾ-ʨʝʘʢʮʽʾ, ʟʦʢʨʝʤʘ 

ʟʘʜʘʯʽ ʧʨʦ ʚʠʤʫʰʝʥʽ ʛʘʨʤʦʥʽʡʥʽ ʢʦʣʠʚʘʥʥʷ ʩʪʨʫʥʠ. ʆʩʦʙʣʠʚʫ ʫʚʘʛʫ ʧʨʠʜʽʣʝʥʦ 

ʟʘʩʪʦʩʫʚʘʥʥʶ ʥʝʷʚʥʦʛʦ ʘʧʦʩʪʝʨʽʦʨʥʦʛʦ ʦʮʽʥʶʚʘʯʘ ʧʦʭʠʙʢʠ ʜʣʷ ʢʝʨʫʚʘʥʥʷ 

ʧʨʦʮʝʩʦʤ ʣʦʢʘʣʴʥʦʛʦ ʟʛʫʱʝʥʥʷ ʩʽʪʢʠ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ 

ʧʨʦʽʣʶʩʪʨʦʚʘʥʘ ʘʥʘʣʽʟʦʤ ʯʠʩʣʦʚʠʭ ʨʦʟʚôʷʟʢʽʚ ʱʦʜʦ ʣʦʢʘʣʽʟʘʮʽʾ ʧʨʠʤʝʞʦʚʠʭ 

ʰʘʨʽʚ ʪʘ ʢʦʨʝʢʪʥʦʛʦ ʚʽʜʪʚʦʨʝʥʥʷ ʦʩʮʠʣʶʶʯʠʭ ʭʚʠʣʴʦʚʠʭ ʨʦʟʚ'ʷʟʢʽʚ. 

ɼʦʩʣʽʜʞʝʥʥʷ ˇʨʫʥʪʫʻʪʴʩʷ ʥʘ ʤʘʪʝʨʽʘʣʘʭ ʩʪʘʪʪʽ [1] ʪʘ ʤʦʥʦʛʨʘʬʽʡ [2, 3, 4]. 
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ʅʝʭʘʡ Ὕ Ὕ ὼ ð ʩʠʣʘ ʥʘʪʷʛʫ ʩʪʨʫʥʠ ʜʦʚʞʠʥʠ ὰ, ʽ ά άὼ ï 

ʛʫʩʪʠʥʘ ʤʘʩʠ ʾʾ ʤʘʪʝʨʽʘʣʫ, ʧʦʤʥʦʞʝʥʘ ʥʘ ʧʣʦʱʫ ʧʦʧʝʨʝʯʥʦʛʦ ʧʝʨʝʨʽʟʫ ὃ. ʅʝʭʘʡ 

ʧʦʧʝʨʝʯʥʝ ʥʘʚʘʥʪʘʞʝʥʥʷ Ὢ Ὢὼȟὸ ʚʠʢʣʠʢʘʻ ʾʾ ʧʦʧʝʨʝʯʥʽ ʟʤʽʱʝʥʥʷ ό

όὼȟὸ, ʷʢʽ ʦʧʠʩʫʶʪʴʩʷ ʨʽʚʥʷʥʥʷʤ ʨʫʭʫ: 

ά
‬ό

‬ὸ

‬

‬ὼ
Ὕ
‬ό

‬ὼ
Ὢᶅ ὼȟὸᶰ πȟὰ πȟὝ

ρ

 

ʽʟ ʢʨʘʡʦʚʠʤʠ ʫʤʦʚʘʤʠ: 

Ὕ
‬ό

‬ὼ
ȿ ὴ ὸ́ ̂ό̏ ȿ ό ὸᶅ ὸɴ πȟὝȟ

ς
 

Ὕ
‬ό

‬ὼ
ȿ ὴ ὸ́ ̂ό̏ ȿ ό ὸᶅ ὸɴ πȟὝ

σ
 

ʪʘ ʧʦʯʘʪʢʦʚʠʤʠ ʫʤʦʚʘʤʠ: 

ό ȿ όȟ
‬ό

‬ὸ
ȿ ὺᶅ ὼɴ πȟὰȢ

τ
 

ɺʠʤʫʰʝʥʽ ʛʘʨʤʦʥʽʡʥʽ ʢʦʣʠʚʘʥʥʷ 

ɺ ʽʥʞʝʥʝʨʥʠʭ ʟʘʩʪʦʩʫʚʘʥʥʷʭ ʯʘʩʪʦ ʚʘʞʣʠʚʦ ʜʘʪʠ ʚʽʜʧʦʚʽʜʴ ʥʘ 

ʟʘʧʠʪʘʥʥʷ, ʷʢʦʶ ʙʫʜʝ ʨʝʘʢʮʽʷ ʩʪʨʫʥʠ ʥʘ ʥʘʚʘʥʪʘʞʝʥʥʷ ʚʠʛʣʷʜʫ: 

Ὢὼȟὸ ὪὼίὭὲ‫ὸὪὼὧέί‫ὸȟ

υ
 

ʜʝ ‫ ÃÏÎÓÔπ ð ʟʘʜʘʥʘ ʢʨʫʛʦʚʘ ʯʘʩʪʦʪʘ ʚʠʤʫʰʝʥʠʭ ʢʦʣʠʚʘʥʴ. ɼʣʷ 

ʩʧʨʦʱʝʥʴ ʧʨʠʧʫʩʪʠʤʦ, ʱʦ ʢʽʥʮʽ ʩʪʨʫʥʠ ʞʦʨʩʪʢʦ ʟʘʱʝʤʣʝʥʽ: 

όπȟὸ π όὰȟὸᶅ ὸɴ πȟὝȢ
φ

 

ʊʦʜʽ, ʥʝʭʪʫʶʯʠ ʧʦʯʘʪʢʦʚʠʤʠ ʫʤʦʚʘʤʠ, ʚʽʜʰʫʢʫʻʪʴʩʷ ʥʘʙʣʠʞʝʥʠʡ 

ʨʦʟʚ'ʷʟʦʢ ʫ ʚʠʛʣʷʜʽ: 

όὼȟὸ ό ὼὧέί‫ὸό ὼίὭὲ‫ὸ

χ
 

ʟ ʥʝʚʽʜʦʤʠʤʠ ʘʤʧʣʽʪʫʜʘʤʠ ͵͵ ό ὼȟό ὼ͵͵ . 

ʇʽʜʩʪʘʚʣʝʥʥʷ ʮʠʭ ʚʠʨʘʟʽʚ ʜʦ ʚʠʭʽʜʥʦʛʦ ʨʽʚʥʷʥʥʷ ʨʫʭʫ, ʧʨʠʚʝʜʝʥʥʷ 

ʧʦʜʽʙʥʠʭ ʽ ʩʢʦʨʦʯʝʥʥʷ ʧʨʠʚʦʜʠʪʴ ʜʦ ʪʘʢʠʭ ʨʽʚʥʷʥʴ ʜʣʷ ʚʽʜʰʫʢʘʥʥʷ ʘʤʧʣʽʪʫʜʠ: 
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Ὠ

Ὠὼ
Ὕ
Ὠό

Ὠὼ
ά‫ό Ὢȟ

ό π ί πȟό ὰ ί πȢ

ψ

 

ʇʦʜʽʙʥʘ ʟʘʜʘʯʘ ʦʜʝʨʞʫʻʪʴʩʷ ʽ ʜʣʷ ό ό ὼ. ʗʢʱʦ ʞ ʤʠ ʧʨʠʡʤʝʤʦ, ʱʦ 

Ὢ π, ʪʦ ό ὼḳπ. ʊʦʤʫ ʦʩʪʘʥʥʷ ʟʘʜʘʯʘ ʩʪʘʻ ʦʩʥʦʚʥʠʤ ʦʙ'ʻʢʪʦʤ ʥʘʰʦʛʦ 

ʜʦʩʣʽʜʞʝʥʥʷ. 

ɺʘʨʽʘʮʽʡʥʝ ʬʦʨʤʫʣʶʚʘʥʥʷ 

ɺʚʝʜʝʤʦ ʧʨʦʩʪʽʨ ʪʝʩʪʦʚʠʭ ʬʫʥʢʮʽʡ ὠ, ʷʢʠʡ ʻ ʧʽʜʧʨʦʩʪʦʨʦʤ ʧʨʦʩʪʦʨʫ 

ʉʦʙʦʣʻʚʘ Ὄ  ȟ  πȟὰ ʽ ʤʽʩʪʠʪʴ ʬʫʥʢʮʽʾ, ʱʦ ʟʘʜʦʚʦʣʴʥʷʶʪʴ ʢʨʘʡʦʚʽ 

ʫʤʦʚʠ: 

ὠḧὌ   ͵͵ ὺɴ Ὄ  ȡὺπ πȟὺὰ π͵͵Ȣ

ω
 

ʂʨʘʡʦʚʘ ʟʘʜʘʯʘ (7) ʜʦʧʫʩʢʘʻ ʚʘʨʽʘʮʽʡʥʝ ʬʦʨʤʫʣʶʚʘʥʥʷ ʥʘʩʪʫʧʥʦʛʦ 

ʚʠʛʣʷʜʫ 

̨̗̟̈̎́̊̓̉̔̎̋̕όᶰὠ̓ ́̋̔ȟ̚ ̏

ὧόȟὺ ἂὰȟὺἃᶅὺɴ ὠȟ
ρπ

 

ʜʝ ʙʽʣʽʥʽʡʥʘ ʬʦʨʤʘ ὧόȟὺȡὠ ὠᴼὙ ʪʘ ʣʽʥʽʡʥʠʡ ʬʫʥʢʮʽʦʥʘʣ ἂὰȟὺἃȡὠᴼὙ 

ʚʠʟʥʘʯʘʶʪʴʩʷ ʷʢ: 

ὧόȟὺḧ Ὕόὺ ά‫όὺὨὼȟ

ρρ

 

ἂὰȟὺἃḧ ὪὺὨὼȢ

ρς

 

ɿʘʜʘʯʘ (10) ʟʘʚʞʜʠ ʤʘʻ ʨʦʟʚôʷʟʦʢ, ʟʘ ʚʠʥʷʪʢʦʤ ʨʝʟʦʥʘʥʩʥʠʭ ʯʘʩʪʦʪ 

ʚʠʤʫʰʝʥʠʭ ʢʦʣʠʚʘʥʴ.  

ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʽ ʘʧʨʦʢʩʠʤʘʮʽʾ 

ɼʣʷ ʟʥʘʭʦʜʞʝʥʥʷ ʥʘʙʣʠʞʝʥʦʛʦ ʨʦʟʚ'ʷʟʢʫ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʝʪʦʜ 

ɻʘʣʴʦʨʢʽʥʘ. ʆʙʣʘʩʪʴ ʨʦʟʙʠʚʘʻʪʴʩʷ ʥʘ ὔ ʩʢʽʥʯʝʥʥʠʭ ʝʣʝʤʝʥʪʽʚ ʜʦʚʞʠʥʠ Ὤ, ʘ 

ʥʘʙʣʠʞʝʥʠʡ ʨʦʟʚ'ʷʟʦʢ ό ʚʽʜʰʫʢʫʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʣʽʥʽʡʥʦʾ ʢʦʤʙʽʥʘʮʽʾ 

ʥʝʧʝʨʝʨʚʥʠʭ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ ʙʘʟʠʩʥʠʭ ʬʫʥʢʮʽʡ (ʬʫʥʢʮʽʡ ʂʫʨʘʥʪʘ)  

ό ὼ В ή• ὼ (ʜʠʚ. [1]). 
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ɸʧʦʩʪʝʨʽʦʨʥʝ ʦʮʽʥʶʚʘʥʥʷ ʧʦʭʠʙʢʠ 

ʆʩʢʽʣʴʢʠ ʯʝʨʝʟ ʣʦʢʘʣʴʥʽ ʦʩʦʙʣʠʚʦʩʪʽ ʨʦʟʚ'ʷʟʢʫ ʨʽʚʥʦʤʽʨʥʽ ʩʽʪʢʠ ʻ 

ʥʝʝʬʝʢʪʠʚʥʠʤʠ, ʟʘʩʪʦʩʦʚʘʥʦ Ὤ-ʘʜʘʧʪʫʚʘʥʥʷ ʥʘ ʦʩʥʦʚʽ ʘʧʦʩʪʝʨʽʦʨʥʦʛʦ 

ʦʮʽʥʶʚʘʥʥʷ ʧʦʭʠʙʢʠ. ʉʘʤʘ ʞ ʦʮʽʥʢʘ ʧʦʭʠʙʢʠ ʚʽʜʰʫʢʫʻʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʣʽʥʽʡʥʦʾ 

ʢʦʤʙʽʥʘʮʽʾ ʣʦʢʘʣʴʥʠʭ ʙʘʙʣ-ʬʫʥʢʮʽʡ. ɽʪʘʣʦʥʦʤ ʜʣʷ ʧʝʨʝʚʽʨʢʠ ʜʦʩʪʦʚʽʨʥʦʩʪʽ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʾ ʩʭʝʤʠ ʩʣʫʛʫʻ ʽʩʪʠʥʥʘ ʧʦʭʠʙʢʘ Ὡ ό ό, ʟʥʘʡʜʝʥʘ ʟʘ 

ʜʦʧʦʤʦʛʦʶ ʪʦʯʥʦʛʦ ʘʥʘʣʽʪʠʯʥʦʛʦ ʨʦʟʚ'ʷʟʢʫ. ʗʢ ʤʽʨʘ ʚʽʜʭʠʣʝʥʥʷ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʝʥʝʨʛʝʪʠʯʥʘ ʥʘʧʽʚʥʦʨʤʘ ᴁὩᴁ ὧὩȟὩ. ʈʝʘʣʽʟʦʚʘʥʦ ʪʘ 

ʧʦʨʽʚʥʷʥʦ ʜʚʘ ʪʘʢʠʭ ʘʧʦʩʪʝʨʽʦʨʥʠʭ ʦʮʽʥʶʚʘʯʽ ʧʦʭʠʙʢʠ (ɸʆʇ): 

¶ ʂʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʠʡ ʦʮʽʥʶʚʘʯ 

ᴁ‐ᴁ ᴁ‐ᴁ
υ

φ

Ὤ Ὢ ά‫ό

ρπὝ
Ȣ

ρσ

 

¶ ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʡ ʦʮʽʥʶʚʘʯ 

ᴁ‐ᴁ ᴁ‐ᴁ
σ

τ

Ὤ Ὢ ά‫ό

Ὕ ρςὛὬ
ȟ

ρτ

 

ʜʝ  ὛὬ  ï ʣʦʢʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʢʨʠʪʝʨʽʷ ʧʦʜʽʙʥʦʩʪʽ ʉʪʨʫʭʘʣʷ.  

ʉʪʨʘʪʝʛʽʷ ʘʜʘʧʪʫʚʘʥʥʷ ʩʽʪʢʠ 

ʂʝʨʫʚʘʥʥʷ ʧʨʦʮʝʩʦʤ ʧʦʜʨʽʙʥʝʥʥʷ ʩʽʪʢʠ ʟʜʽʡʩʥʶʻʪʴʩʷ ʽʪʝʨʘʮʽʡʥʦ. ʅʘ 

ʢʦʞʥʦʤʫ ʢʨʦʮʽ ʦʙʯʠʩʣʶʻʪʴʩʷ ʚʽʜʥʦʩʥʠʡ ʣʦʢʘʣʴʥʠʡ ʽʥʜʠʢʘʪʦʨ ʧʦʭʠʙʢʠȡ 

–
Ѝὔẗᴁ‐ᴁ

ᴁόᴁ ᴁ‐ᴁ
ρππϷȟὭ ρȟȣȟὔȢ

ρυ

 

ʗʢʱʦ ʟʥʘʯʝʥʥʷ ʽʥʜʠʢʘʪʦʨʘ ʜʣʷ ʧʝʚʥʦʛʦ ʝʣʝʤʝʥʪʘ ʧʝʨʝʚʠʱʫʻ ʟʘʜʘʥʠʡ 

ʧʦʨʽʛ ʪʦʯʥʦʩʪʽ ‏, ʮʝʡ ʚʽʜʨʽʟʦʢ ʜʽʣʠʪʴʩʷ ʥʘʚʧʽʣ. ʇʨʦʮʝʩ ʪʨʠʚʘʻ, ʜʦʢʠ ʧʦʭʠʙʢʘ ʥʘ 

ʚʩʽʭ ʝʣʝʤʝʥʪʘʭ ʥʝ ʩʪʘʥʝ ʤʝʥʰʦʶ ʟʘ ʧʦʨʽʛ.  

ɻʦʣʦʚʥʠʤ ʢʨʠʪʝʨʽʻʤ ʥʘʜʽʡʥʦʩʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʘʣʛʦʨʠʪʤʫ ʻ ʜʠʥʘʤʽʢʘ 

ʽʥʜʝʢʩʫ ʝʬʝʢʪʠʚʥʦʩʪʽὍ
ᴁ ᴁ

ᴁ ᴁ
, ʷʢʠʡ ʭʘʨʘʢʪʝʨʠʟʫʻ ʟʜʘʪʥʽʩʪʴ ʥʝʷʚʥʠʭ 

ʦʮʽʥʶʚʘʯʽʚ ʘʜʝʢʚʘʪʥʦ ʥʘʙʣʠʞʘʪʠ ʽʩʪʠʥʥʫ ʝʥʝʨʛʝʪʠʯʥʫ ʧʦʭʠʙʢʫ ʄʉɽ. 
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ʏʠʩʣʦʚʽ ʨʝʟʫʣʴʪʘʪʠ 

ʈʦʟʛʣʷʥʝʤʦ ʟʘʜʘʯʫ ʧʨʦ ʚʠʤʫʰʝʥʽ ʧʦʧʝʨʝʯʥʽ ʢʦʣʠʚʘʥʥʷ ʟ ʪʘʢʠʤʠ 

ʧʘʨʘʤʝʪʨʘʤʠ  ὰ ρȟὝ ρȟά ρȟὪ υπȟ‫ ρςȟὔ τ. ʊʦʯʥʠʤ ʨʦʟʚôʷʟʢʦʤ 

ʟʘʜʘʯʽ ʻ ʬʫʥʢʮʽʷ 

όὼ
Ὢ

‫
ὧέί‫ὼ

ρ ὧέί‫

ίὭὲ‫
ίὭὲ‫ὼ ρȢ 

 

ʊʘʙʣ. 1. ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʙʽʞʥʦʩʪʽ                                                  

ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ ʘʧʨʦʢʩʠʤʘʮʽʡ ʜʦ  

ʨʽʚʥʷ ‐ υϷ ʜʣʷ ʣʽʥʽʡʥʦ-ʢʚʘʜʨʘʪʠʯʥʦʛʦ 

 

ʂʨʦʢ N ᴁ‐ᴁ ᴁὩᴁ Ὅ   ʂʨʦʢ N ᴁ‐ᴁ ᴁὩᴁ Ὅ  

1 4 2.5385 6.5077 0.390  1 4 1.6618 6.5077 0.255 

2 8 1.2316 1.8414 0.669  2 8 0.9787 1.8414 0.532 

 3 16 0.6280 0.7319 0.858   3 16 0.5315 0.7319 0.726 

4 30 0.3212 0.3401 0.944  4 30 0.2764 0.3401 0.813 

5 56 0.1673 0.1702 0.983  5 54 0.1460 0.1777 0.821 

6 90 0.1035 0.1046 0.990  6 78 0.1108 0.1268 0.849 

7 98 0.0925 0.0933 0.991  7 90 0.0895 0.1045 0.856 

8 100 0.0904 0.0912 0.991  8 94 0.0844 0.0984 0.857 

 

ʈʠʩ. 1. ʇʦʨʽʚʥʷʥʥʷ ʪʦʯʥʦʛʦ ʨʦʟʚôʷʟʢʫ ʪʘ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ ʄʉɽ ʟ  

‏ υϷ ʥʘ 2 ʢʨʦʮʽ ʘʜʘʧʪʫʚʘʥʥʷ (ʣʽʚʦʨʫʯ) ʪʘ ʟʙʽʞʥʽʩʪʴ ʥʦʨʤ ʧʦʭʠʙʦʢ 

(ʧʨʘʚʦʨʫʯ) 

ɻʨʘʬʽʢ ʣʽʚʦʨʫʯ (ʨʠʩ. 1) ʟʘʩʚʽʜʯʫʻ, ʱʦ ʚʞʝ ʧʨʠ N = 8 ʘʜʘʧʪʠʚʥʦ 

ʨʦʟʤʽʱʝʥʠʭ ʝʣʝʤʝʥʪʘʭ ʘʧʨʦʢʩʠʤʘʮʽʷ ʄʉɽ ʢʦʨʝʢʪʥʦ ʚʽʜʪʚʦʨʶʻ ʬʘʟʦʚʫ 

ʩʪʨʫʢʪʫʨʫ ʭʚʠʣʴʦʚʦʛʦ ʨʦʟʚ'ʷʟʢʫ ʧʦ ʚʩʴʦʤʫ ʚʽʜʨʽʟʢʫ [0,1]. ʅʘʡʙʽʣʴʰʽ ʣʦʢʘʣʴʥʽ 

ʚʽʜʭʠʣʝʥʥʷ ʩʧʦʩʪʝʨʽʛʘʶʪʴʩʷ ʚ ʦʢʦʣʘʭ ʝʢʩʪʨʝʤʫʤʽʚ ʬʫʥʢʮʽʾ, ʱʦ ʻ ʭʘʨʘʢʪʝʨʥʠʤ 

ʜʣʷ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ ʘʧʨʦʢʩʠʤʘʮʽʾ. 

ʊʘʙʣ. 2. ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʙʽʞʥʦʩʪʽ 

ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ ʘʧʨʦʢʩʠʤʘʮʽʡ ʜʦ 

ʨʽʚʥʷ ‏ υϷ ʜʣʷ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʛʦ 

ʦʮʽʥʶʚʘʯʘ 

ʊʘʙʣ. 1. ʍʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʙʽʞʥʦʩʪʽ 

ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʭ ʘʧʨʦʢʩʠʤʘʮʽʡ ʜʦ 

ʨʽʚʥʷ ‏ υϷ ʜʣʷ ʢʫʩʢʦʚʦ-

ʢʚʘʜʨʘʪʠʯʥʦʛʦ ʦʮʽʥʶʚʘʯʘ 
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ɿ ʛʨʘʬʽʢʘ ʟʙʽʞʥʦʩʪʽ (ʨʠʩ. 1 ʧʨʘʚʦʨʫʯ) ʚʠʜʥʦ, ʱʦ ʥʦʨʤʠ ʦʙʦʭ ʦʮʽʥʶʚʘʯʽʚ 

ʤʦʥʦʪʦʥʥʦ ʩʧʘʜʘʶʪʴ ʽʟ ʢʦʞʥʠʤ ʢʨʦʢʦʤ ʘʜʘʧʪʘʮʽʾ ʪʘ ʟʘʜʦʚʽʣʴʥʦ ʥʘʙʣʠʞʘʶʪʴ 

ʽʩʪʠʥʥʫ ʝʥʝʨʛʝʪʠʯʥʫ ʧʦʭʠʙʢʫ ᴁὩᴁ. ʂʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʠʡ ɸʆʇ ʥʘ ʚʩʽʭ 

ʽʪʝʨʘʮʽʷʭ ʜʘʻ ʦʮʽʥʢʫ, ʙʣʠʞʯʫ ʜʦ ʽʩʪʠʥʥʦʛʦ ʟʥʘʯʝʥʥʷ, ʪʦʜʽ ʷʢ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʡ 

ʩʠʩʪʝʤʘʪʠʯʥʦ ʾʾ ʟʘʥʠʞʫʻ, ʱʦ ʫʟʛʦʜʞʫʻʪʴʩʷ ʟ ʜʠʥʘʤʽʢʦʶ ʽʥʜʝʢʩʽʚ ʝʬʝʢʪʠʚʥʦʩʪʽ 

ʚ ʪʘʙʣ. 1-2. ʇʦʯʠʥʘʶʯʠ ʟ ʢʨʦʢʫ 4-5, ʫʩʽ ʪʨʠ ʢʨʠʚʽ ʟʙʣʠʞʫʶʪʴʩʷ, ʱʦ ʩʚʽʜʯʠʪʴ 

ʧʨʦ ʚʠʭʽʜ ʘʜʘʧʪʠʚʥʦʛʦ ʧʨʦʮʝʩʫ ʥʘ ʨʝʞʠʤ ʨʽʚʥʦʤʽʨʥʦʛʦ ʨʦʟʧʦʜʽʣʫ ʧʦʭʠʙʢʠ ʧʦ 

ʝʣʝʤʝʥʪʘʭ ʽ ʩʪʘʙʽʣʽʟʘʮʽʶ ʘʣʛʦʨʠʪʤʫ. 

 

 
ʈʠʩ. 2. ʇʦʨʽʚʥʷʥʥʷ ʪʦʯʥʦʛʦ ʨʦʟʚôʷʟʢʫ ʪʘ ʦʩʪʘʪʦʯʥʦʾ ʢʫʩʢʦʚʦ-ʣʽʥʽʡʥʦʾ 

ʘʧʨʦʢʩʠʤʘʮʽʾ ʄʉɽ ʟ ‏ υϷ (ʣʽʚʦʨʫʯ) ʪʘ ʜʠʥʘʤʽʢʘ ʽʥʜʝʢʩʽʚ ʝʬʝʢʪʠʚʥʦʩʪʽ 

(ʧʨʘʚʦʨʫʯ) 

ʇʨʠ N = 100 ʝʣʝʤʝʥʪʘʭ, ʦʪʨʠʤʘʥʠʭ ʘʜʘʧʪʫʚʘʥʥʷʤ ʟʘ ʢʫʩʢʦʚʦ-

ʢʚʘʜʨʘʪʠʯʥʠʤ ʦʮʽʥʶʚʘʯʝʤ, ʘʧʨʦʢʩʠʤʘʮʽʷ ʄʉɽ ʚʽʟʫʘʣʴʥʦ ʟʣʠʚʘʻʪʴʩʷ ʟ ʪʦʯʥʠʤ 

ʨʦʟʚ'ʷʟʢʦʤ ʧʦ ʚʩʴʦʤʫ ʚʽʜʨʽʟʢʫ [0,1] ï ʚʽʜʭʠʣʝʥʥʷ ʚ ʦʢʦʣʘʭ ʝʢʩʪʨʝʤʫʤʽʚ ʩʪʘʶʪʴ 

ʥʝʧʦʤʽʪʥʠʤʠ (ʨʠʩ. 2 ʣʽʚʦʨʫʯ). ɻʨʘʬʽʢ ʜʠʥʘʤʽʢʠ ʽʥʜʝʢʩʽʚ ʝʬʝʢʪʠʚʥʦʩʪʽ (ʨʠʩ. 2 

ʧʨʘʚʦʨʫʯ) ʧʽʜʪʚʝʨʜʞʫʻ ʥʘʜʽʡʥʽʩʪʴ ʦʙʦʭ ʦʮʽʥʶʚʘʯʽʚ: ʞʦʜʝʥ ʥʝ ʧʝʨʝʚʠʱʫʻ 

ʦʜʠʥʠʮʽ, ʱʦ ʫʥʝʤʦʞʣʠʚʣʶʻ ʧʝʨʝʜʯʘʩʥʫ ʟʫʧʠʥʢʫ ʘʣʛʦʨʠʪʤʫ. ʂʫʩʢʦʚʦ-

ʢʚʘʜʨʘʪʠʯʥʠʡ ɸʆʇ ʤʦʥʦʪʦʥʥʦ ʥʘʙʣʠʞʘʻʪʴʩʷ ʜʦ ʽʜʝʘʣʴʥʦʛʦ ʟʥʘʯʝʥʥʷ Ὅ ρ, 

ʜʦʩʷʛʘʶʯʠ 0.992 ʥʘ ʚʦʩʴʤʦʤʫ ʢʨʦʮʽ. ʂʫʩʢʦʚʦ-ʣʽʥʽʡʥʠʡ ɸʆʇ ʩʪʘʙʽʣʽʟʫʻʪʴʩʷ ʥʘ 

ʨʽʚʥʽ 0.859 ʧʽʩʣʷ ʯʝʪʚʝʨʪʦʛʦ ʢʨʦʢʫ, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʩʠʩʪʝʤʘʪʠʯʥʝ ʟʘʥʠʞʝʥʥʷ 

ʥʦʨʤʠ ʧʦʭʠʙʢʠ. ʂʫʩʢʦʚʦ-ʢʚʘʜʨʘʪʠʯʥʠʡ ʦʮʽʥʶʚʘʯ ʟʘʙʝʟʧʝʯʫʻ ʚʠʱʫ ʪʦʯʥʽʩʪʴ ʽ ʻ 

ʧʝʨʝʚʘʞʥʠʤ ʜʣʷ ʧʨʘʢʪʠʯʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ. 
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ʆʇʊʀʄɯɿɸʎɯʗ ɺʀʗɺʃɽʅʅʗ ɼʈɯɹʅʀʍ ʆɹ'ɭʂʊɯɺ ʅɸ ɹɸɿɯ YOLO 

ɼʃʗ ɸɺʊʆʅʆʄʅʀʍ ɹʇʃɸ: ɺʀʂʆʈʀʉʊɸʅʅʗ AIRSIM ʊɸ 
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ɺʩʪʫʧ  

ʅʘʜʽʡʥʝ ʚʠʷʚʣʝʥʥʷ ʤʘʣʠʭ ʦʙ'ʻʢʪʽʚ ʻ ʢʨʠʪʠʯʥʦ ʚʘʞʣʠʚʠʤ ʜʣʷ ʘʚʪʦʥʦʤʥʠʭ 

ɹʇʃɸ, ʧʨʦʪʝ ʻ ʫʩʢʣʘʜʥʝʥʠʤ ʥʠʟʴʢʦʶ ʨʦʟʜʽʣʴʥʦʶ ʟʜʘʪʥʽʩʪʶ ʪʘ ʟʥʠʞʝʥʥʷʤ 

ʪʦʯʥʦʩʪʽ ʤʦʜʝʣʝʡ (ʟʦʢʨʝʤʘ YOLOv8) ʫ ʜʠʥʘʤʽʯʥʠʭ ʨʝʘʣʴʥʠʭ ʫʤʦʚʘʭ [1]. ɼʣʷ 

ʥʽʚʝʣʶʚʘʥʥʷ ʨʦʟʨʠʚʫ ʤʽʞ ʩʠʤʫʣʷʮʽʻʶ ʪʘ ʨʝʘʣʴʥʽʩʪʶ (sim-to-real gap) ʫ ʮʽʡ 

ʨʦʙʦʪʽ ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʢʦʥʚʝʻʨ ʦʧʪʠʤʽʟʘʮʽʾ YOLOv8, ʱʦ ʧʦʻʜʥʫʻ ʥʘʙʽʨ ʜʘʥʠʭ 

VisDrone ʽʟ ʛʝʥʝʨʘʮʽʻʶ ʩʠʥʪʝʪʠʯʥʠʭ ʜʘʥʠʭ ʪʘ ʚʘʣʽʜʘʮʽʻʶ ʚ ʩʝʨʝʜʦʚʠʱʽ 

Microsoft AirSim. ɺʠʢʦʨʠʩʪʘʥʥʷ ʤʝʪʦʜʽʚ ʧʦʷʩʥʶʚʘʣʴʥʦʛʦ ʐɯ (Grad-CAM) ʜʣʷ 

ʧʝʨʝʚʽʨʢʠ ʘʢʪʠʚʘʮʽʾ ʦʟʥʘʢ ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ ʦʧʪʠʤʽʟʦʚʘʥʘ ʤʦʜʝʣʴ ʩʫʪʪʻʚʦ 

ʧʦʢʨʘʱʫʻ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʜʨʽʙʥʠʭ ʮʽʣʝʡ ʽ ʛʘʨʘʥʪʫʻ ʥʘʜʽʡʥʽʩʪʴ ʨʦʟʛʦʨʪʘʥʥʷ ʚ 

ʨʝʘʣʴʥʦʤʫ ʯʘʩʽ. 

ʆʧʪʠʤʽʟʘʮʽʷ ʤʦʜʝʣʽ ʜʣʷ ʜʨʽʙʥʠʭ ʦʙ'ʻʢʪʽʚ 

ʄʠ ʚʠʢʦʨʠʩʪʦʚʫʻʤʦ ʤʦʜʠʬʽʢʦʚʘʥʫ ʘʨʭʽʪʝʢʪʫʨʫ YOLOv8, ʩʧʝʮʽʘʣʴʥʦ 

ʥʘʣʘʰʪʦʚʘʥʫ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʜʨʽʙʥʠʭ ʦʙ'ʻʢʪʽʚ. ʉʧʠʨʘʶʯʠʩʴ ʥʘ ʣʽʪʝʨʘʪʫʨʫ [2,3], 

ʤʠ ʨʝʘʣʽʟʫʚʘʣʠ ʩʪʨʘʪʝʛʽʾ ʦʧʪʠʤʽʟʘʮʽʾ, ʷʢʽ ʧʦʻʜʥʫʶʪʴ ʘʨʭʽʪʝʢʪʫʨʥʽ 

ʚʜʦʩʢʦʥʘʣʝʥʥʷ ʪʘ ʧʦʩʠʣʝʥʫ ʘʛʨʝʛʘʮʽʶ ʦʟʥʘʢ ʤʘʣʠʭ ʦʙ'ʻʢʪʽʚ. ɿʦʢʨʝʤʘ, ʤʠ 

ʟʙʝʨʽʛʘʻʤʦ ʚʠʩʦʢʦʨʦʟʜʽʣʴʥʽ ʧʨʦʩʪʦʨʦʚʽ ʦʟʥʘʢʠ ʚ ʤʘʛʽʩʪʨʘʣʴʥʽʡ ʤʝʨʝʞʽ 

(backbone) ʪʘ ʘʜʘʧʪʫʻʤʦ ʢʦʥʚʝʻʨ ʚʠʷʚʣʝʥʥʷ ʪʘʢ, ʱʦʙ ʚʽʥ ʢʨʘʱʝ ʚʽʜʧʦʚʽʜʘʚ 
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ʨʦʟʧʦʜʽʣʫ ʤʘʩʰʪʘʙʽʚ ʥʘʙʦʨʫ ʜʘʥʠʭ VisDrone. ʆʩʥʦʚʥʘ ʘʨʭʽʪʝʢʪʫʨʥʘ 

ʤʦʜʠʬʽʢʘʮʽʷ ʧʦʣʷʛʘʣʘ ʚ ʽʥʪʝʛʨʘʮʽʾ ʩʧʝʮʽʘʣʽʟʦʚʘʥʦʾ ʛʦʣʦʚʠ ʚʠʷʚʣʝʥʥʷ P2 

(detection head), ʱʦ ʧʨʦʜʝʤʦʥʩʪʨʦʚʘʥʦ ʥʘ ʈʠʩʫʥʢʫ 1. ɺʠʢʦʨʠʩʪʦʚʫʶʯʠ 

çʥʝʛʣʠʙʦʢʽè (shallow) ʢʘʨʪʠ ʦʟʥʘʢ ʚʠʩʦʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ, ʮʝʡ ʢʦʤʧʦʥʝʥʪ 

ʧʦʣʝʛʰʫʻ ʚʠʜʽʣʝʥʥʷ ʪʘ ʦʮʽʥʶʚʘʥʥʷ ʚʠʩʦʢʦʜʝʪʘʣʽʟʦʚʘʥʠʭ (fine-grained) 

ʧʨʦʩʪʦʨʦʚʠʭ ʦʟʥʘʢ, ʷʢʽ ʟʘʟʚʠʯʘʡ ʧʦʩʣʘʙʣʶʶʪʴʩʷ ʘʙʦ ʚʪʨʘʯʘʶʪʴʩʷ ʫ ʛʣʠʙʰʠʭ 

ʰʘʨʘʭ ʤʝʨʝʞʽ.  

 
ʈʠʩ. 1. ʄʦʜʠʬʽʢʦʚʘʥʘ ʘʨʭʽʪʝʢʪʫʨʘ YOLOv8 ʟ ʜʦʜʘʥʠʤ ʨʽʚʥʝʤ ʚʠʜʽʣʝʥʥʷ ʦʟʥʘʢ P2 

ʉʪʘʥʜʘʨʪʥʫ ʬʫʥʢʮʽʶ ʚʪʨʘʪ CIoU ʙʫʣʦ ʟʘʤʽʥʝʥʦ ʥʘ Wise-IoU (WIoU v3). 

ɰʾ ʜʠʥʘʤʽʯʥʠʡ ʥʝʤʦʥʦʪʦʥʥʠʡ ʤʝʭʘʥʽʟʤ ʬʦʢʫʩʫʚʘʥʥʷ ʟʥʠʞʫʻ ʢʦʥʢʫʨʝʥʪʥʽʩʪʴ 

ʚʠʩʦʢʦʷʢʽʩʥʠʭ ʷʢʽʨʥʠʭ ʨʘʤʦʢ (anchor boxes) ʪʘ ʦʙʤʝʞʫʻ ʰʢʽʜʣʠʚʽ ʛʨʘʜʽʻʥʪʠ, 

ʱʦ ʛʝʥʝʨʫʶʪʴʩʷ ʥʠʟʴʢʦʷʢʽʩʥʠʤʠ ʧʨʠʢʣʘʜʘʤʠ, ʟʘʙʝʟʧʝʯʫʶʯʠ ʟʥʘʯʥʦ 

ʩʪʘʙʽʣʴʥʽʰʫ ʨʝʛʨʝʩʽʶ ʦʙʤʝʞʫʚʘʣʴʥʠʭ ʨʘʤʦʢ ʜʣʷ ʢʨʠʭʽʪʥʠʭ ʮʽʣʝʡ. 

ʇʦʷʩʥʶʚʘʥʽʩʪʴ ʤʦʜʝʣʽ ʪʘ ʜʦʤʝʥʥʘ ʚʘʣʽʜʘʮʽʷ 

ʑʦʙ ʟʘʙʝʟʧʝʯʠʪʠ ʟʘʩʚʦʻʥʥʷ ʤʦʜʝʣʣʶ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʠʭ ʦʟʥʘʢ, ʘ ʥʝ 

ʩʧʝʮʠʬʽʯʥʦʛʦ ʜʣʷ ʥʘʙʦʨʫ ʜʘʥʠʭ ʰʫʤʫ, ʤʠ ʽʥʪʝʛʨʫʻʤʦ ʤʦʜʫʣʽ ʧʦʷʩʥʶʚʘʣʴʥʦʛʦ 

ʰʪʫʯʥʦʛʦ ʽʥʪʝʣʝʢʪʫ (XAI), ʩʧʠʨʘʶʯʠʩʴ ʥʘ ʫʩʪʘʣʝʥʽ ʧʽʜʭʦʜʠ ʫ ʩʬʝʨʽ 

ʧʦʷʩʥʶʚʘʣʴʥʦʾ ʘʚʪʦʥʦʤʥʦʩʪʽ. ʅʘ ʈʠʩʫʥʢʫ 2 ʧʦʜʘʥʦ ʚʽʟʫʘʣʽʟʘʮʽʶ Grad-CAM, 
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ʚʠʢʦʨʠʩʪʘʥʫ ʚ ʥʘʰʦʤʫ ʘʥʘʣʽʟʽ. ʊʝʧʣʦʚʽ ʢʘʨʪʠ ʙʫʣʦ ʟʛʝʥʝʨʦʚʘʥʦ ʥʘ ʟʨʘʟʢʘʭ ʽʟ 

ʚʘʣʽʜʘʮʽʡʥʦʛʦ ʥʘʙʦʨʫ ʰʣʷʭʦʤ ʟʚʦʨʦʪʥʦʛʦ ʧʦʰʠʨʝʥʥʷ ʛʨʘʜʽʻʥʪʽʚ ʚʽʜ ʚʠʷʚʣʝʥʠʭ 

ʢʣʘʩʽʚ ʜʦ ʦʙʨʘʥʠʭ ʟʛʦʨʪʢʦʚʠʭ ʢʘʨʪ ʦʟʥʘʢ ʽʟ ʧʦʜʘʣʴʰʠʤ ʧʨʦʻʢʪʫʚʘʥʥʷʤ 

ʦʪʨʠʤʘʥʠʭ ʘʢʪʠʚʘʮʽʡ ʥʘ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ. ʎʷ ʧʨʦʮʝʜʫʨʘ ʚʠʜʽʣʷʻ ʪʽ ʜʽʣʷʥʢʠ 

ʟʦʙʨʘʞʝʥʥʷ, ʷʢʽ ʥʘʡʙʽʣʴʰʝ ʚʧʣʠʚʘʶʪʴ ʥʘ ʨʽʰʝʥʥʷ ʜʝʪʝʢʪʦʨʘ, ʪʘ ʟʘʙʝʟʧʝʯʫʻ 

ʷʢʽʩʥʫ ʧʝʨʝʚʽʨʢʫ ʨʝʣʝʚʘʥʪʥʦʩʪʽ ʦʟʥʘʢ. 

 
ʈʠʩ. 2. XAI-ʚʽʟʫʘʣʽʟʘʮʽʷ ʧʦʚʝʜʽʥʢʠ ʤʦʜʝʣʽ: ʟʣʽʚʘ ð ʪʝʧʣʦʚʘ ʢʘʨʪʘ Grad-CAM, 

ʩʧʨʘʚʘ ð ʚʽʜʧʦʚʽʜʥʽ ʧʝʨʝʜʙʘʯʝʥʽ ʦʙʤʝʞʫʚʘʣʴʥʽ ʨʘʤʢʠ 

ʇʣʘʪʬʦʨʤʘ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ: AirSim 

ɼʣʷ ʦʧʪʠʤʽʟʘʮʽʾ ʽʥʬʝʨʝʥʩʫ ʟ ʦʨʽʻʥʪʘʮʽʻʶ ʥʘ ʧʨʘʢʪʠʯʥʝ ʨʦʟʛʦʨʪʘʥʥʷ ʤʠ 

ʝʢʩʧʦʨʪʫʚʘʣʠ ʥʘʚʯʝʥʠʡ ʜʝʪʝʢʪʦʨ ʫ ʨʫʰʽʡ ʚʠʢʦʥʘʥʥʷ TensorRT (TensorRT 

runtime engine) ʽʟ ʟʘʩʪʦʩʫʚʘʥʥʷʤ INT8-ʢʚʘʥʪʫʚʘʥʥʷ ʪʘ ʦʮʽʥʠʣʠ ʡʦʛʦ 

ʧʨʦʜʫʢʪʠʚʥʽʩʪʴ ʥʘ ʚʽʜʝʦʢʘʨʪʽ NVIDIA GeForce RTX 3060 Laptop GPU (6 ɻɹ 

ʚʽʜʝʦʧʘʤ'ʷʪʽ) [4]. ɼʣʷ ʚʘʣʽʜʘʮʽʾ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʦʧʪʠʤʽʟʦʚʘʥʦʾ ʜʣʷ ʛʨʘʥʠʯʥʠʭ 

ʦʙʯʠʩʣʝʥʴ ʤʦʜʝʣʽ ʚ ʩʠʩʪʝʤʽ ʢʝʨʫʚʘʥʥʷ ʽʟ ʟʘʤʢʥʝʥʠʤ ʮʠʢʣʦʤ ʤʠ 

ʚʠʢʦʨʠʩʪʦʚʫʻʤʦ ʩʝʨʝʜʦʚʠʱʝ Microsoft AirSim.  
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ʈʠʩ. 3. ʇʨʠʢʣʘʜ ʽʥʬʝʨʝʥʩʫ ʚ AirSim ʽʟ ʧʝʨʝʜʙʘʯʝʥʠʤʠ ʦʙʤʝʞʫʚʘʣʴʥʠʤʠ ʨʘʤʢʘʤʠ 

ʇʨʠʢʣʘʜ ʢʘʜʨʫ ʟ AirSim ʽʟ ʧʝʨʝʜʙʘʯʝʥʠʤʠ ʦʙʤʝʞʫʚʘʣʴʥʠʤʠ ʨʘʤʢʘʤʠ 

(bounding boxes) ʧʦʢʘʟʘʥʦ ʥʘ ʈʠʩʫʥʢʫ 3. AirSim ʟʘʙʝʟʧʝʯʫʻ ʤʦʜʝʣʶʚʘʥʥʷ 

ʜʠʥʘʤʽʢʠ ʧʦʣʴʦʪʫ ɹʇʃɸ ʪʘ ʨʦʙʦʪʠ ʩʝʥʩʦʨʽʚ ʽʟ ʜʦʩʪʘʪʥʽʤ ʨʽʚʥʝʤ ʨʝʘʣʽʩʪʠʯʥʦʩʪʽ 

ʜʣʷ ʢʦʥʪʨʦʣʴʦʚʘʥʦʛʦ ʪʝʩʪʫʚʘʥʥʷ (benchmarking) ʟʘ ʨʽʟʥʠʭ ʫʤʦʚ ʦʩʚʽʪʣʝʥʥʷ ʪʘ 

ʧʦʛʦʜʠ, ʷʢʽ ʯʘʩʪʦ ʥʝʜʦʩʪʘʪʥʴʦ ʧʨʝʜʩʪʘʚʣʝʥʽ ʫ ʩʪʘʪʠʯʥʠʭ ʥʘʙʦʨʘʭ ʜʘʥʠʭ [5].  

ʈʝʟʫʣʴʪʘʪʠ 

ɽʢʩʧʝʨʠʤʝʥʪʠ, ʧʨʦʚʝʜʝʥʽ ʥʘ ʥʘʙʦʨʽ ʜʘʥʠʭ VisDrone-DET, ʜʝʤʦʥʩʪʨʫʶʪʴ 

ʟʥʘʯʥʫ ʷʢʽʩʪʴ ʚʠʷʚʣʝʥʥʷ ʜʣʷ ʜʨʽʙʥʠʭ ʢʘʪʝʛʦʨʽʡ, ʪʘʢʠʭ ʷʢ çʧʽʰʦʭʽʜè (pedestrian) 

ʪʘ çʚʝʣʦʩʠʧʝʜè (bicycle) [6]. ʈʝʘʣʽʟʦʚʘʥʘ ʥʘʤʠ ʤʘʣʘ ʤʦʜʝʣʴ YOLOv8 ʜʦʩʷʛʘʻ 

mAP50 ʥʘ ʨʽʚʥʽ 0.407 ʪʘ mAP50-95 ʥʘ ʨʽʚʥʽ 0.241 ʥʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʥʘʙʦʨʽ 

ʜʘʥʠʭ, ʘ ʪʘʢʦʞ mAP50 ʥʘ ʨʽʚʥʽ 0.2033 ʽ mAP50-95 ʥʘ ʨʽʚʥʽ 0.1099 ʥʘ ʪʝʩʪʦʚʦʤʫ 

ʥʘʙʦʨʽ. ɼʣʷ ʧʦʨʽʚʥʷʥʥʷ, YOLO-MARS ʜʦʩʷʛʘʻ mAP50 ʥʘ ʨʽʚʥʽ 0.409 ʪʘ mAP50-

5 ʥʘ ʨʽʚʥʽ 0.234 ʥʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʥʘʙʦʨʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʥʘʥʦ-ʤʦʜʝʣʽ [7]. 

ʇʽʜʩʫʤʢʦʚʽ ʤʝʪʨʠʢʠ ʧʨʦʜʝʤʦʥʩʪʨʦʚʘʥʦ ʥʘ ʈʠʩʫʥʢʫ 4. 
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ʈʠʩ. 4. ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ: ʧʽʜʩʫʤʢʦʚʽ ʤʝʪʨʠʢʠ 

ʆʮʽʥʶʚʘʥʥʷ ʦʧʪʠʤʽʟʦʚʘʥʦʾ ʜʣʷ ʛʨʘʥʠʯʥʠʭ ʧʨʠʩʪʨʦʾʚ ʤʦʜʝʣʽ ʥʘ 

ʚʘʣʽʜʘʮʽʡʥʦʤʫ ʥʘʙʦʨʽ VisDrone ʜʘʣʦ mAP50 ʥʘ ʨʽʚʥʽ 0.3985 ʪʘ mAP50-95 ʥʘ 

ʨʽʚʥʽ 0.2355. ʋ ʧʘʨʥʦʤʫ ʙʝʥʯʤʘʨʢʽʥʛʫ ʟʘʪʨʠʤʢʠ (latency benchmarking) ʟ 

ʨʦʟʤʽʨʦʤ ʧʘʢʝʪʫ 1 (batch-1) TensorRT INT8 ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʚ ʩʪʘʙʽʣʴʥʝ ʪʘ 

ʩʪʘʪʠʩʪʠʯʥʦ ʟʥʘʯʫʱʝ ʟʥʠʞʝʥʥʷ ʯʘʩʫ ʧʦʨʽʚʥʷʥʦ ʟ PyTorch FP32: ʤʝʜʽʘʥʥʘ 

ʟʘʪʨʠʤʢʘ ʟʤʝʥʰʠʣʘʩʷ ʟ 54.21~ʤʩ ʜʦ 36.78~ʤʩ (ʨʽʟʥʠʮʷ -17.43ʤʩ, -32.16%), ʧʨʠ 

ʮʴʦʤʫ ʩʝʨʝʜʥʷ ʨʽʟʥʠʮʷ ʥʘ ʨʽʚʥʽ ʧʦʚʪʦʨʝʥʴ ʩʢʣʘʣʘ -13.43~ʤʩ. 

ɯʥʪʝʛʨʘʮʽʷ XAI ʧʦʢʘʟʫʻ, ʱʦ ʤʦʜʝʣʴ ʫʩʧʽʰʥʦ ʬʦʢʫʩʫʻʪʴʩʷ ʥʘ 

ʩʪʨʫʢʪʫʨʥʠʭ ʦʟʥʘʢʘʭ ʦʙ'ʻʢʪʽʚ ʥʘʚʽʪʴ ʟʘ ʥʠʟʴʢʦʾ ʨʦʟʜʽʣʴʥʦʾ ʟʜʘʪʥʦʩʪʽ, ʱʦ 

ʫʟʛʦʜʞʫʻʪʴʩʷ ʟ ʚʠʩʥʦʚʢʘʤʠ ʽʥʪʝʨʧʨʝʪʦʚʘʥʦʩʪʽ ʥʘ ʦʩʥʦʚʽ Grad-CAM. 

ɺʠʩʥʦʚʢʠ 

ʋ ʨʦʙʦʪʽ ʜʦʚʝʜʝʥʦ ʝʬʝʢʪʠʚʥʽʩʪʴ ʽʥʪʝʛʨʘʮʽʾ ʦʧʪʠʤʽʟʦʚʘʥʠʭ ʘʣʛʦʨʠʪʤʽʚ 

ʚʠʷʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ, ʬʦʪʦʨʝʘʣʽʩʪʠʯʥʦʾ ʩʠʤʫʣʷʮʽʾ (AirSim) ʪʘ ʤʝʪʦʜʽʚ 

ʧʦʷʩʥʶʚʘʣʴʥʦʛʦ ʐɯ (XAI), ʱʦ ʚ ʢʦʤʧʣʝʢʩʽ ʫʪʚʦʨʶʻ ʥʘʜʽʡʥʠʡ ʬʨʝʡʤʚʦʨʢ ʜʣʷ 

ʨʦʟʨʦʙʢʠ ʘʚʪʦʥʦʤʥʠʭ ʩʠʩʪʝʤ ɹʇʃɸ. ɺʝʢʪʦʨ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ 

ʩʧʨʷʤʦʚʘʥʠʡ ʥʘ ʽʥʪʝʛʨʘʮʽʶ ʩʝʨʝʜʦʚʠʱʘ NVIDIA Isaac Sim ʪʘ ʬʨʝʡʤʚʦʨʢʫ 

Pegasus ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ ʙʘʛʘʪʦʘʛʝʥʪʥʠʭ ʤʽʩʽʡ, ʘ ʪʘʢʦʞ ʥʘ ʧʨʦʚʝʜʝʥʥʷ 

ʨʝʘʣʴʥʠʭ ʣʴʦʪʥʠʭ ʚʠʧʨʦʙʫʚʘʥʴ ʜʣʷ ʦʩʪʘʪʦʯʥʦʾ ʚʘʣʽʜʘʮʽʾ ʢʦʥʮʝʧʮʽʾ Sim-to-Real 

ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ 3D-ʧʦʣʽʚ ʦʟʥʘʢ (3D feature fields) ʽʟ ʤʝʪʦʶ ʧʦʢʨʘʱʝʥʥʷ 

ʥʘʚʽʛʘʮʽʾ. 
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ɿʘʟʥʘʯʝʥʠʡ ʥʘʧʨʷʤ ʘʢʪʠʚʥʦ ʨʦʟʚʠʚʘʻʪʴʩʷ ʧʨʦ ʱʦ ʩʚʽʜʯʘʪʴ ʟʦʢʨʝʤʘ ʧʨʘʮʽ 

[1], ʜʝ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʠʬʫʟʽʡʥʠʭ ʡʤʦʚʽʨʥʽʩʥʠʭ ʤʦʜʝʣʝʡ ʜʣʷ 

ʨʦʟʚôʷʟʘʥʥʷ ʦʙʝʨʥʝʥʦʾ ʟʘʜʘʯʽ ʝʣʝʢʪʨʦʽʤʧʝʜʘʥʩʥʦʾ ʪʦʤʦʛʨʘʬʽʾ, ʘ ʪʘʢʦʞ [2], ʜʝ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦ ʧʽʜʭʽʜ ʜʦ ʚʠʢʦʨʠʩʪʘʥʥʷ ʮʠʭ ʤʦʜʝʣʝʡ ʜʣʷ ʯʠʩʝʣʴʥʦʛʦ 

ʨʦʟʚôʷʟʫʚʘʥʥʷ ʨʽʚʥʷʥʴ ʫ ʯʘʩʪʠʥʥʠʭ ʧʦʭʽʜʥʠʭ. ɺʦʜʥʦʯʘʩ ʟʘʟʥʘʯʝʥʘ ʪʝʤʘʪʠʢʘ 

ʤʘʡʞʝ ʥʝ ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ ʫʢʨʘʾʥʩʴʢʦʤʫ ʥʘʫʢʦʚʦʤʫ ʧʨʦʩʪʦʨʽ, ʱʦ ʨʦʙʠʪʴ ʥʘʰʫ 

ʨʦʙʦʪʫ ʦʩʦʙʣʠʚʦ ʘʢʪʫʘʣʴʥʦʶ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʋ ʜʘʥʽʡ ʨʦʙʦʪʽ ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʬʽʟʠʢʦ-ʽʥʬʦʨʤʦʚʘʥʦʾ 

ʜʠʬʫʟʽʡʥʦʾ ʤʦʜʝʣʽ [3] ʜʦ ʯʠʩʝʣʴʥʦʛʦ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʟʘʜʘʯʽ ʂʦʰʽ ʜʣʷ ʨʽʚʥʷʥʥʷ 

ʃʘʧʣʘʩʘ ʫ ʜʚʦʚʠʤʽʨʥʽʡ ʜʚʦʟʚôʷʟʥʽʡ ʦʙʣʘʩʪʽ. ʇʦʩʪʘʥʦʚʢʫ ʟʘʜʘʯʽ ʜʘʥʦʛʦ 

ʜʦʩʣʽʜʞʝʥʥʷ ʟʘʧʦʟʠʯʝʥʦ ʟ ʨʦʙʦʪʠ [4]: ʥʘ ʟʦʚʥʽʰʥʽʡ ʤʝʞʽ ʦʙʣʘʩʪʽ ʟʘʜʘʶʪʴʩʷ 

ʛʨʘʥʠʯʥʽ ʫʤʦʚʠ ɼʽʨʽʭʣʝ (2) ʪʘ ʅʝʡʤʘʥʘ (3), ʘ ʰʫʢʘʥʦʶ ʚʝʣʠʯʠʥʦʶ ʻ ʛʘʨʤʦʥʽʯʥʝ 

ʧʦʣʝ ʚ ʾʾ ʚʥʫʪʨʽʰʥʽʡ ʯʘʩʪʠʥʽ. ʉʢʣʘʜʥʽʩʪʴ ʟʘʜʘʯʽ ʟʫʤʦʚʣʶʻʪʴʩʷ ʚʽʜʩʫʪʥʽʩʪʶ 

ʩʪʽʡʢʦʩʪʽ ʚ ʩʝʥʩʽ ɸʜʘʤʘʨʘ: ʥʘʚʽʪʴ ʥʝʟʥʘʯʥʽ ʧʦʭʠʙʢʠ ʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʤʦʞʫʪʴ 

ʧʨʠʟʚʦʜʠʪʠ ʜʦ ʩʫʪʪʻʚʠʭ ʚʽʜʭʠʣʝʥʴ ʫ ʚʽʜʥʦʚʣʝʥʦʤʫ ʨʦʟʚôʷʟʢʫ. ʋ ʟʚôʷʟʢʫ ʟ ʮʠʤ 

ʢʣʘʩʠʯʥʽ ʯʠʩʝʣʴʥʽ ʤʝʪʦʜʠ, ʷʢ ʧʨʘʚʠʣʦ, ʧʦʪʨʝʙʫʶʪʴ ʟʘʩʪʦʩʫʚʘʥʥʷ 

ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʧʨʠʯʦʤʫ ʚʠʙʽʨ ʾʾ ʧʘʨʘʤʝʪʨʽʚ ʯʘʩʪʦ ʻ ʩʢʣʘʜʥʠʤ ʽ ʟʘʣʝʞʠʪʴ ʚʽʜ 

ʨʽʚʥʷ ʰʫʤʫ ʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ. 

ɼʣʷ ʦʮʽʥʢʠ ʷʢʦʩʪʽ ʦʪʨʠʤʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʟʜʽʡʩʥʶʻʪʴʩʷ ʧʦʨʽʚʥʷʥʥʷ 
ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʤʝʪʦʜʫ ʽʟ ʤʝʪʦʜʦʤ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ [4]. 
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ʈʠʩ. 1: ʆʙʤʝʞʝʥʘ ʜʚʦʟʚôʷʟʥʘ ʦʙʣʘʩʪʴ ʚʠʟʥʘʯʝʥʥʷ ʟʘʜʘʯʽ Ý ṒR2 

 

    (1) 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʦʟʨʦʙʢʘ ʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ʧʽʜʭʦʜʫ ʜʦ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ 

ʂʦʰʽ ʜʣʷ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ ʽʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʟʥʝʰʫʤʣʶʚʘʣʴʥʦʾ ʜʠʬʫʟʽʡʥʦʾ 

ʡʤʦʚʽʨʥʽʩʥʦʾ ʤʦʜʝʣʽ DDPM [5] ʫ ʬʽʟʠʢʦ-ʽʥʬʦʨʤʦʚʘʥʽʡ ʧʦʩʪʘʥʦʚʮʽ PIDM [3]. 

ɼʣʷ ʜʦʩʷʛʥʝʥʥʷ ʤʝʪʠ ʧʨʦʘʥʘʣʽʟʦʚʘʥʦ ʤʘʪʝʤʘʪʠʯʥʽ ʦʩʥʦʚʠ ʜʠʬʫʟʽʡʥʠʭ 

ʤʦʜʝʣʝʡ, ʧʦʙʫʜʦʚʘʥʦ ʪʨʝʥʫʚʘʣʴʥʠʡ ʜʘʪʘʩʝʪ ʛʘʨʤʦʥʽʯʥʠʭ ʬʫʥʢʮʽʡ ʪʘ 

ʨʝʘʣʽʟʦʚʘʥʦ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʬʽʟʠʢʦ-ʽʥʬʦʨʤʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ 

ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʫ [3]. 

ʅʘʫʢʦʚʘ ʥʦʚʠʟʥʘ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʫ ʬʦʨʤʘʣʽʟʘʮʽʾ ʧʽʜʭʦʜʫ ʜʦ ʨʦʟʚôʷʟʘʥʥʷ 

ʟʘʜʘʯʽ ʂʦʰʽ ʜʣʷ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ ʟʘ ʜʦʧʦʤʦʛʦʶ ʬʽʟʠʢʦ-ʽʥʬʦʨʤʦʚʘʥʦʾ 

ʜʠʬʫʟʽʡʥʦʾ ʤʦʜʝʣʽ ʪʘ ʚ ʟʘʧʨʦʧʦʥʦʚʘʥʽʡ ʤʝʪʦʜʠʮʽ ʧʦʙʫʜʦʚʠ ʩʠʥʪʝʪʠʯʥʦʛʦ 
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ʜʘʪʘʩʝʪʫ ʛʘʨʤʦʥʽʯʥʠʭ ʬʫʥʢʮʽʡ. ʇʨʘʢʪʠʯʥʝ ʟʥʘʯʝʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʧʦʣʷʛʘʻ ʫ 

ʧʨʦʛʨʘʤʥʽʡ ʨʝʘʣʽʟʘʮʽʾ ʧʦʚʥʦʛʦ ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ ʮʠʢʣʫ: ʛʝʥʝʨʘʮʽʾ ʜʘʥʠʭ, 

ʘʥʘʣʽʟʫ ʚʠʙʽʨʢʠ, ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ, ʛʝʥʝʨʘʮʽʾ ʨʦʟʚôʷʟʢʽʚ ʽ ʧʦʨʽʚʥʷʥʥʷ ʟ 

ʢʣʘʩʠʯʥʠʤ ʯʠʩʝʣʴʥʠʤ ʤʝʪʦʜʦʤ. 

 

 
ʈʠʩ. 2: ʇʦʨʽʚʥʷʥʥʷ ʯʠʩʝʣʴʥʠʭ ʨʦʟʚôʷʟʢʽʚ ʦʪʨʠʤʘʥʠʭ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʜʠʬʫʟʽʡʥʦʾ ʤʦʜʝʣʽ ʪʘ ʤʝʪʦʜʫ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ (ʰʫʤ 5%) 

 

ʋ ʯʠʩʝʣʴʥʠʭ ʝʢʩʧʝʨʠʤʝʥʪʘʭ ʜʦʩʣʽʜʞʝʥʦ ʪʨʠ ʩʮʝʥʘʨʽʾ: ʙʝʟ ʰʫʤʫ ʫ ʚʭʽʜʥʠʭ 
ʜʘʥʠʭ, ʽʟ ʰʫʤʦʤ 5% ʪʘ ʽʟ ʰʫʤʦʤ 10%. ʗʢʽʩʪʴ ʥʘʙʣʠʞʝʥʥʷ ʦʮʽʥʶʚʘʣʘʩʷ ʟʘ 

ʤʝʪʨʠʢʘʤʠ RMSE, L2 ʪʘ LÐ, ʘ ʨʝʟʫʣʴʪʘʪʠ ʬʽʟʠʢʦ-ʽʥʬʦʨʤʦʚʘʥʦʾ ʜʠʬʫʟʽʡʥʦʾ 

ʤʦʜʝʣʽ ʧʦʨʽʚʥʶʚʘʣʠʩʷ ʟ ʨʝʟʫʣʴʪʘʪʘʤʠ ʤʝʪʦʜʫ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ ʫ 

ʧʦʻʜʥʘʥʥʽ ʟ ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ ʊʠʭʦʥʦʚʘ (ʜʠʚ. ʨʠʩ.2). 

ɺʠʩʥʦʚʦʢ 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʧʨʦʚʝʜʝʥʦʛʦ ʜʦʩʣʽʜʞʝʥʥʷ ʚʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʢʣʘʩʠʯʥʠʡ 

ʽʥʪʝʛʨʘʣʴʥʠʡ ʤʝʪʦʜ ʟʘʛʘʣʦʤ ʜʝʤʦʥʩʪʨʫʻ ʚʠʱʫ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʪʦʯʥʽʩʪʴ ʽ ʢʨʘʱʫ 

ʰʚʠʜʢʦʜʽʶ. ɺʦʜʥʦʯʘʩ ʜʠʬʫʟʽʡʥʘ ʤʦʜʝʣʴ ʚʠʷʚʣʷʻʪʴʩʷ 

ʢʦʥʢʫʨʝʥʪʦʩʧʨʦʤʦʞʥʦʶ, ʦʩʢʽʣʴʢʠ ʛʝʥʝʨʫʻ ʪʦʯʥʽʰʽ ʨʦʟʚôʷʟʢʠ ʧʨʠʙʣʠʟʥʦ ʫ 

å15% ʚʠʧʘʜʢʽʚ ʟʘ ʚʽʜʩʫʪʥʦʩʪʽ ʰʫʤʫ ʪʘ ʫ å 20% ʚʠʧʘʜʢʽʚ ʟʘ ʥʘʷʚʥʦʩʪʽ ʰʫʤʫ ʫ 

ʚʭʽʜʥʠʭ ʜʘʥʠʭ. ʆʪʨʠʤʘʥʽ ʨʝʟʫʣʴʪʘʪʠ ʜʘʶʪʴ ʧʽʜʩʪʘʚʠ ʩʪʚʝʨʜʞʫʚʘʪʠ, ʱʦ 
ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ ʤʝʪʦʜ ʚʦʣʦʜʽʻ ʜʝʷʢʦʶ ʩʪʽʡʢʽʩʪʶ ʜʦ ʰʫʤʫ ʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ. 

ʇʝʨʩʧʝʢʪʠʚʥʠʤʠ ʥʘʧʨʷʤʢʘʤʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʻ ʘʥʘʣʽʟ ʟʘʣʝʞʥʦʩʪʽ 

ʷʢʦʩʪʽ ʦʪʨʠʤʫʚʘʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʚʽʜ ʘʨʭʽʪʝʢʪʫʨʠ ʤʦʜʝʣʽ, ʟʘʜʘʥʦʾ ʨʦʟʜʽʣʴʥʦʾ 

ʟʜʘʪʥʦʩʪʽ, ʘ ʪʘʢʦʞ ʚʽʜ ʨʽʟʥʠʭ ʩʪʨʘʪʝʛʽʡ ʽ ʧʽʜʭʦʜʽʚ ʜʦ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʽ. 
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ʇʨʠʧʫʩʢʘʻʪʴʩʷ ʤʦʞʣʠʚʽʩʪʴ ʫʜʦʩʢʦʥʘʣʝʥʥʷ ʟʘʧʨʦʧʦʥʦʚʘʥʦʛʦ ʧʽʜʭʦʜʫ ʟ ʤʝʪʦʶ 

ʡʦʛʦ ʫʟʘʛʘʣʴʥʝʥʥʷ ʪʘ ʝʬʝʢʪʠʚʥʦʛʦ ʟʘʩʪʦʩʫʚʘʥʥʷ ʜʦ ʢʣʘʩʫ ʩʧʦʨʽʜʥʝʥʠʭ 

ʦʙʝʨʥʝʥʠʭ ʟʘʜʘʯ. 
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ɻɯɹʈʀɼʅʀʁ ʇɯɼʍɯɼ ɼʆ ɿɸɼɸʏɯ ʂʆʄɯɺʆʗɾɽʈɸ ʅɸ ʆʉʅʆɺɯ 

ʇʈʆɻʅʆɿʋɺɸʅʅʗ ɺɸɾʃʀɺʆʉʊɯ ʈɽɹɽʈ 

ʆʣʝʢʩʘʥʜʨ ɾʝʥʯʝʥʢʦ 
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ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

oleksandr.zhenchenko@lnu.edu.ua 

ɿʘʜʘʯʘ ʢʦʤʽʚʦʷʞʝʨʘ (TSP, Travelling Salesman Problem) ʻ NP-ʧʦʚʥʦʶ 

ʟʘʜʘʯʝʶ ʢʦʤʙʽʥʘʪʦʨʥʦʾ ʦʧʪʠʤʽʟʘʮʽʾ ʪʘ ʰʠʨʦʢʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʤʦʜʝʣʴ ʜʣʷ 

ʟʘʜʘʯ ʤʘʨʰʨʫʪʠʟʘʮʽʾ, ʧʣʘʥʫʚʘʥʥʷ ʪʘ ʣʦʛʽʩʪʠʢʠ [1,2]. ʋ ʢʣʘʩʠʯʥʦʤʫ 

ʝʚʢʣʽʜʦʚʦʤʫ ʬʦʨʤʫʣʶʚʘʥʥʽ ʥʝʦʙʭʽʜʥʦ ʧʦʙʫʜʫʚʘʪʠ ʥʘʡʢʦʨʦʪʰʠʡ ʛʘʤʽʣʴʪʦʥʽʚ 

ʮʠʢʣ ʜʣʷ ʤʥʦʞʠʥʠ ʪʦʯʦʢ ʥʘ ʧʝʚʥʽʡ ʧʣʦʱʠʥʽ. ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʧʨʦʩʪʫ 

ʤʘʪʝʤʘʪʠʯʥʫ ʬʦʨʤʫ, ʪʦʯʥʝ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʟʘʜʘʯʽ ʰʚʠʜʢʦ ʩʪʘʻ ʦʙʯʠʩʣʶʚʘʣʴʥʦ 

https://arxiv.org/pdf/2501.05769
https://arxiv.org/abs/2406.17763
https://arxiv.org/abs/2406.17763
https://arxiv.org/abs/2403.14404
https://www.tandfonline.com/doi/full/10.1080/17415977.2013.829467
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2006.11239
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ʜʦʨʦʛʠʤ, ʪʦʤʫ ʥʘ ʧʨʘʢʪʠʮʽ ʟʘʩʪʦʩʦʚʫʶʪʴ ʝʚʨʠʩʪʠʢʠ ʪʘ ʢʦʤʙʽʥʦʚʘʥʽ ʘʣʛʦʨʠʪʤʠ 

[1,3]. 

ʋ ʩʫʯʘʩʥʠʭ ʨʦʙʦʪʘʭ ʟ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʜʣʷ ʢʦʤʙʽʥʘʪʦʨʥʦʾ 

ʦʧʪʠʤʽʟʘʮʽʾ TSP ʯʘʩʪʦ ʨʦʟʛʣʷʜʘʶʪʴ ʷʢ ʟʘʜʘʯʫ ʙʝʟʧʦʩʝʨʝʜʥʴʦʛʦ ʧʨʦʛʥʦʟʫʚʘʥʥʷ 

ʧʦʚʥʦʛʦ ʤʘʨʰʨʫʪʫ ʫ ʚʠʛʣʷʜʽ ʧʝʨʝʩʪʘʥʦʚʢʠ ʚʝʨʰʠʥ. ʊʘʢʠʡ ʧʽʜʭʽʜ ʨʝʘʣʽʟʦʚʘʥʦ, 

ʟʦʢʨʝʤʘ, ʫ Pointer Networks ʪʘ attention-based routing models [4,5]. ɺʽʥ ʻ 

ʧʨʠʨʦʜʥʠʤ, ʦʩʢʽʣʴʢʠ ʨʦʟʚôʷʟʦʢ TSP ʽ ʻ ʧʝʨʝʩʪʘʥʦʚʢʦʶ, ʘʣʝ ʤʘʻ ʩʫʪʪʻʚʽ 

ʥʝʜʦʣʽʢʠ: ʚʠʭʽʜ ʻ ʛʣʦʙʘʣʴʥʦ ʩʪʨʫʢʪʫʨʦʚʘʥʠʤ, ʧʦʤʠʣʢʠ ʥʘʢʦʧʠʯʫʶʪʴʩʷ ʧʽʜ ʯʘʩ 

ʜʝʢʦʜʫʚʘʥʥʷ, ʘ ʟʘʙʝʟʧʝʯʝʥʥʷ ʢʦʨʝʢʪʥʦʩʪʽ ʤʘʨʰʨʫʪʫ ʚʠʤʘʛʘʻ ʜʦʜʘʪʢʦʚʠʭ 

ʤʝʭʘʥʽʟʤʽʚ ʤʘʩʢʫʚʘʥʥʷ ʘʙʦ ʜʝʢʦʜʫʚʘʥʥʷ ʟ ʦʙʤʝʞʝʥʥʷʤʠ [4-6]. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʜʦʩʣʽʜʞʝʥʥʷ ʘʣʴʪʝʨʥʘʪʠʚʥʦʛʦ ʧʽʜʭʦʜʫ, ʜʝ ʟʘʤʽʩʪʴ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦʾ ʛʝʥʝʨʘʮʽʾ ʤʘʨʰʨʫʪʫ ʥʝʡʨʦʥʥʘ ʤʝʨʝʞʘ ʧʨʦʛʥʦʟʫʻ ñʚʘʞʣʠʚʽʩʪʴò 

ʨʝʙʝʨ, ʷʢʽ ʧʦʪʽʤ ʧʦʜʘʶʪʴʩʷ ʚ ʢʣʘʩʠʯʥʫ ʞʘʜʽʙʥʫ ʝʚʨʠʩʪʠʢʫ. ʎʝ ʛʽʙʨʠʜʥʠʡ ʤʝʪʦʜ, 

ʜʝ ʤʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʥʝ ʟʘʤʽʥʶʻ ʦʧʪʠʤʽʟʘʮʽʡʥʠʡ ʘʣʛʦʨʠʪʤ ʧʦʚʥʽʩʪʶ, ʘ 

ʚʠʩʪʫʧʘʻ ʡʦʛʦ ʧʽʜʩʠʣʶʚʘʯʝʤ [6]. ʆʪʞʝ, ʮʽʣʴ ʨʦʙʦʪʠ ʧʦʣʷʛʘʻ ʥʝ ʫ ʧʦʙʫʜʦʚʽ 

ʥʘʡʢʨʘʱʦʛʦ ʤʦʞʣʠʚʦʛʦ ʨʦʟʚôʷʟʫʚʘʯʘ TSP, ʘ ʚ ʪʝʦʨʝʪʠʯʥʦʤʫ ʪʘ 

ʝʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʤʫ ʘʥʘʣʽʟʽ ʥʝʡʨʦʥʥʦʛʦ ʢʝʨʫʚʘʥʥʷ ʥʘ ʨʽʚʥʽ ʨʝʙʝʨ ʜʣʷ 

ʛʽʙʨʠʜʥʠʭ ʝʚʨʠʩʪʠʢ. 

ɼʣʷ ʢʦʞʥʦʛʦ ʚʠʧʘʜʢʫ ʝʚʢʣʽʜʦʚʦʛʦ TSP ʙʫʜʫʻʪʴʩʷ ʧʦʚʥʠʡ ʦʨʽʻʥʪʦʚʘʥʠʡ 

ʛʨʘʬ. ʆʟʥʘʢʘʤʠ ʚʝʨʰʠʥʠ ʻ ʾʾ ʢʦʦʨʜʠʥʘʪʠ ὼ = [ὼ, ώ], ʘ ʦʟʥʘʢʘʤʠ ʨʝʙʨʘ (i,j) - 

ʚʝʢʪʦʨ [dx, dy, d], ʜʝ dx = ὼ - ὼ, dy = ώ - ώ, d - ʝʚʢʣʽʜʦʚʘ ʚʽʜʩʪʘʥʴ ʤʽʞ 

ʚʝʨʰʠʥʘʤʠ. ɼʣʷ ʤʘʣʠʭ ʨʦʟʤʽʨʥʦʩʪʝʡ ʦʧʪʠʤʘʣʴʥʠʡ ʤʘʨʰʨʫʪ ʦʙʯʠʩʣʶʻʪʴʩʷ 

ʘʣʛʦʨʠʪʤʦʤ ɻʝʣʜʘïʂʘʨʧʘ, ʧʽʩʣʷ ʯʦʛʦ ʢʦʞʥʝ ʨʝʙʨʦ ʦʪʨʠʤʫʻ ʙʽʥʘʨʥʫ ʤʽʪʢʫ 

ʥʘʣʝʞʥʦʩʪʽ ʜʦ ʦʧʪʠʤʘʣʴʥʦʛʦ ʪʫʨʫ [1]. ʊʘʢʠʤ ʯʠʥʦʤ ʟʘʜʘʯʘ ʟʚʦʜʠʪʴʩʷ ʜʦ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʨʝʙʨʘ ʟ ʫʯʠʪʝʣʝʤ. 

ʄʽʥʽʤʘʣʴʥʘ ʤʦʜʝʣʴ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʴʦʭ ʯʘʩʪʠʥ: MLP-ʢʦʜʫʚʘʣʴʥʠʢʘ 

ʚʝʨʰʠʥ, ʜʚʦʭ ʰʘʨʽʚ GraphConv ʪʘ MLP-ʢʣʘʩʠʬʽʢʘʪʦʨʘ ʨʝʙʝʨ. ʇʽʩʣʷ ʝʪʘʧʫ 

ʧʝʨʝʜʘʯʽ ʧʦʚʽʜʦʤʣʝʥʴ (message passing) ʜʣʷ ʢʦʞʥʦʛʦ ʨʝʙʨʘ (i, j) ʬʦʨʤʫʻʪʴʩʷ 

ʚʝʢʪʦʨ ʦʟʥʘʢ [Ὤ || Ὤ || dx || dy || d], ʥʘ ʦʩʥʦʚʽ ʷʢʦʛʦ ʤʦʜʝʣʴ ʚʠʜʘʻ ʡʤʦʚʽʨʥʽʩʪʴ 

p(i,j) ʡʦʛʦ ʚʭʦʜʞʝʥʥʷ ʜʦ ʦʧʪʠʤʘʣʴʥʦʛʦ ʪʫʨʫ. ʊʘʢʘ ʘʨʭʽʪʝʢʪʫʨʘ ʻ ʜʦʩʪʘʪʥʴʦ 

ʧʨʦʩʪʦʶ ʜʣʷ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʪʘ ʜʦʟʚʦʣʷʻ ʦʢʨʝʤʦ ʧʝʨʝʚʽʨʠʪʠ ʩʘʤʫ ʽʜʝʶ ʧʽʜʭʦʜʫ ʽʟ 

ʥʝʡʨʦʥʥʠʤ ʢʝʨʫʚʘʥʥʷʤ ʥʘ ʨʽʚʥʽ ʨʝʙʝʨ. 

ʂʣʶʯʦʚʘ ʽʜʝʷ ʛʽʙʨʠʜʠʟʘʮʽʾ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦ ʤʦʜʝʣʴ ʦʮʽʥʶʻ 

ʧʝʨʩʧʝʢʪʠʚʥʽʩʪʴ ʨʝʙʨʘ, ʘ ʢʣʘʩʠʯʥʠʡ ʘʣʛʦʨʠʪʤ ʥʘ ʦʩʥʦʚʽ ʮʴʦʛʦ ʙʫʜʫʻ ʤʘʨʰʨʫʪ. 

ɼʣʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʢʦʤʙʽʥʦʚʘʥʘ ʬʫʥʢʮʽʷ ʦʮʽʥʶʚʘʥʥʷ  

score(i,j) = ŬĿd(i,j) - ɓĿp(i,j) (1) 
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ʜʝ d(i,j) - ʜʦʚʞʠʥʘ ʨʝʙʨʘ, p(i,j) - ʧʨʦʛʥʦʟʦʚʘʥʘ ʡʤʦʚʽʨʥʽʩʪʴ ʡʦʛʦ ʥʘʣʝʞʥʦʩʪʽ ʜʦ 

ʦʧʪʠʤʘʣʴʥʦʛʦ ʪʫʨʫ, Ŭ ʽ ɓ - ʧʘʨʘʤʝʪʨʠ, ʱʦ ʧʽʜʙʠʨʘʣʠʩʷ ʝʤʧʽʨʠʯʥʦ, ʥʘ ʦʩʥʦʚʽ 

ʥʝʚʝʣʠʢʦʾ ʩʝʨʽʾ ʧʨʦʙʥʠʭ ʟʘʧʫʩʢʽʚ, ʟ ʦʨʽʻʥʪʘʮʽʻʶ ʥʘ ʷʢʽʩʪʴ ʢʽʥʮʝʚʦʛʦ ʤʘʨʰʨʫʪʫ. 

ʎʝ ʜʦʟʚʦʣʷʻ ʜʦʧʦʚʥʠʪʠ ʛʝʦʤʝʪʨʠʯʥʽ ʜʘʥʽ ʥʝʡʨʦʥʥʠʤ ʩʠʛʥʘʣʦʤ: ʢʦʨʦʪʢʽ ʨʝʙʨʘ 

ʟʘʣʠʰʘʶʪʴʩʷ ʧʨʽʦʨʠʪʝʪʥʠʤʠ, ʘʣʝ ʚʠʩʦʢʘ ʡʤʦʚʽʨʥʽʩʪʴ ʚʽʜ ʤʦʜʝʣʽ ʤʦʞʝ ʟʤʫʩʠʪʠ 

ʘʣʛʦʨʠʪʤ ʦʙʨʘʪʠ ʪʨʦʭʠ ʜʦʚʰʝ, ʘʣʝ ʩʪʨʘʪʝʛʽʯʥʦ ʚʠʛʽʜʥʽʰʝ ʨʝʙʨʦ. 

ʇʦʯʘʪʢʦʚʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ ʥʘ 1000 ʥʘʚʯʘʣʴʥʠʭ ʽ 200 

ʪʝʩʪʦʚʠʭ ʝʚʢʣʽʜʦʚʠʭ ʝʢʟʝʤʧʣʷʨʘʭ ʧʨʠ n = 10. ʏʝʨʝʟ ʜʠʩʙʘʣʘʥʩ ʢʣʘʩʽʚ 

ʦʩʥʦʚʥʠʤʠ ʤʝʪʨʠʢʘʤʠ ʙʫʣʠ precision (ʯʘʩʪʢʘ ʧʨʘʚʠʣʴʥʦ ʧʝʨʝʜʙʘʯʝʥʠʭ 

ʧʦʟʠʪʠʚʥʠʭ ʨʝʙʝʨ), recall (ʯʘʩʪʢʘ ʦʧʪʠʤʘʣʴʥʠʭ ʨʝʙʝʨ, ʱʦ ʙʫʣʠ ʟʥʘʡʜʝʥʽ) ʽ F1-

ʤʽʨʘ (ʙʘʣʘʥʩ ʤʽʞ ʥʠʤʠ). ʈʝʟʫʣʴʪʘʪʠ ʥʘʚʝʜʝʥʦ ʚ ʪʘʙʣ. 1. ɹʘʟʦʚʘ ʤʦʜʝʣʴ 

EdgeGNN ʩʪʘʙʽʣʴʥʦ ʧʝʨʝʚʠʱʫʻ ʘʣʛʦʨʠʪʤ, ʷʢʠʡ ʞʘʜʽʙʥʦ ʦʙʠʨʘʻ ʥʘʡʢʦʨʦʪʰʽ 

ʨʝʙʨʘ (shortest-edge baseline) ʽ GAT-ʚʘʨʽʘʥʪ ʫ ʜʘʥʽʡ ʢʦʥʬʽʛʫʨʘʮʽʾ. 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʧʽʜʭʦʜʽʚ ʥʘ ʪʝʩʪʦʚʠʭ ʝʢʟʝʤʧʣʷʨʘʭ ʧʨʠ n = 10 

ʇʽʜʭʽʜ F1 ʂʦʤʝʥʪʘʨ 

Shortest edge baseline 0.620 ʆʨʽʻʥʪʫʻʪʴʩʷ ʣʠʰʝ ʥʘ 

ʜʦʚʞʠʥʫ ʨʝʙʨʘ 

EdgeGNN (GraphConv) 0.703 ʅʘʡʢʨʘʱʠʡ ʨʝʟʫʣʴʪʘʪ ʫ 

ʙʘʟʦʚʽʡ ʧʦʩʪʘʥʦʚʮʽ 

GAT-EdgeGNN 0.613 ʋʚʘʛʘ ʥʝ ʜʘʣʘ 

ʧʦʢʨʘʱʝʥʥʷ ʚ ʮʽʡ 
ʢʦʥʬʽʛʫʨʘʮʽʾ 

ɼʣʷ ʦʮʽʥʶʚʘʥʥʷ ʬʽʥʘʣʴʥʦʾ ʷʢʦʩʪʽ ʧʦʙʫʜʦʚʘʥʦʛʦ ʤʘʨʰʨʫʪʫ 

ʚʠʢʦʨʠʩʪʦʚʫʚʘʚʩʷ optimality gap - ʚʽʜʩʦʪʢʦʚʝ ʚʽʜʭʠʣʝʥʥʷ ʜʦʚʞʠʥʠ ʦʪʨʠʤʘʥʦʛʦ 

ʤʘʨʰʨʫʪʫ ʚʽʜ ʦʧʪʠʤʘʣʴʥʦʛʦ: 

Ὣὥὴ  (2) 

ʜʝ ὒ  - ʜʦʚʞʠʥʘ ʤʘʨʰʨʫʪʫ, ʧʦʙʫʜʦʚʘʥʦʛʦ ʝʚʨʠʩʪʠʢʦʶ, ʘ ὒ  - ʜʦʚʞʠʥʘ 

ʦʧʪʠʤʘʣʴʥʦʛʦ ʤʘʨʰʨʫʪʫ. ʋ ʪʝʩʪʘʭ ʩʝʨʝʜʥʽʡ gap ʜʣʷ shortest-edge baseline 

ʩʪʘʥʦʚʠʚ 0.077010, ʪʦʜʽ ʷʢ ʚʠʢʦʨʠʩʪʘʥʥʷ EdgeGNN ʟʥʠʟʠʣʦ ʮʝʡ ʧʦʢʘʟʥʠʢ ʜʦ 

0.028778. ʎʝ ʧʽʜʪʚʝʨʜʞʫʻ: ʪʦʯʥʽʩʪʴ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʥʘ ʨʽʚʥʽ ʨʝʙʝʨ ʧʨʷʤʦ 

ʢʦʥʚʝʨʪʫʻʪʴʩʷ ʫ ʷʢʽʩʪʴ ʫʩʴʦʛʦ ʤʘʨʰʨʫʪʫ. 

ɼʦʜʘʪʢʦʚʠʡ ʘʥʘʣʽʟ ʧʦʢʘʟʫʻ, ʱʦ ʩʝʨʝʜʥʷ ʜʦʚʞʠʥʘ ʨʝʙʝʨ, ʧʝʨʝʜʙʘʯʝʥʠʭ 

EdgeGNN, ʻ ʙʣʠʞʯʦʶ ʜʦ ʩʝʨʝʜʥʴʦʾ ʜʦʚʞʠʥʠ ʦʧʪʠʤʘʣʴʥʠʭ ʨʝʙʝʨ, ʥʽʞ ʫ shortest-

edge baseline (ʪʘʙʣ. 2). ʎʝ ʧʽʜʪʚʝʨʜʞʫʻ, ʱʦ ʤʦʜʝʣʴ ñʨʦʟʫʤʽʻò ʩʪʨʫʢʪʫʨʫ ʛʨʘʬʘ, 

ʘ ʥʝ ʧʨʦʩʪʦ ʰʫʢʘʻ ʥʘʡʢʦʨʦʪʰʽ ʟʚôʷʟʢʠ. 
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ʊʘʙʣ. 2. ʉʝʨʝʜʥʷ ʜʦʚʞʠʥʘ ʨʝʙʝʨ ʜʣʷ ʨʽʟʥʠʭ ʤʥʦʞʠʥ 

ʄʥʦʞʠʥʘ ʨʝʙʝʨ ʉʝʨʝʜʥʷ ʜʦʚʞʠʥʘ 

ɺʩʽ ʨʝʙʨʘ 0.527 

ʆʧʪʠʤʘʣʴʥʽ ʨʝʙʨʘ 0.292 

Shortest-edge baseline 0.206 

EdgeGNN 0.268 

ɺʦʜʥʦʯʘʩ ʨʝʟʫʣʴʪʘʪʠ ʚʠʷʚʠʣʠ ʦʙʤʝʞʝʥʥʷ ʣʦʢʘʣʴʥʠʭ message-passing 

ʘʨʭʽʪʝʢʪʫʨ. ʇʨʠ ʧʝʨʝʭʦʜʽ ʜʦ n = 20 ʙʘʟʦʚʘ ʤʦʜʝʣʴ ʫʞʝ ʥʝ ʧʝʨʝʚʠʱʫʻ shortest-

edge baseline ʽ ʟʥʦʚʫ ʥʘʜʪʦ ʩʠʣʴʥʦ ʧʦʢʣʘʜʘʻʪʴʩʷ ʥʘ ʣʦʢʘʣʴʥʽ ʛʝʦʤʝʪʨʠʯʥʽ 

ʦʟʥʘʢʠ. ɿʘʤʽʥʘ GraphConv ʥʘ GAT ʪʘʢʦʞ ʥʝ ʜʘʣʘ ʧʦʢʨʘʱʝʥʥʷ, ʽ ʮʝ ʚʢʘʟʫʻ, ʱʦ 

ʧʨʦʙʣʝʤʘ ʧʦʣʷʛʘʻ ʥʝ ʣʠʰʝ ʫ ʪʠʧʽ ʟʛʦʨʪʢʠ, ʘ ʚ ʩʘʤʽʡ ʣʦʢʘʣʴʥʦʩʪʽ ʘʨʭʽʪʝʢʪʫʨʠ. 

ʆʩʢʽʣʴʢʠ ʫ ʤʝʞʘʭ ʮʽʻʾ ʨʦʙʦʪʠ ʥʝ ʧʨʦʚʦʜʠʚʩʷ ʰʠʨʦʢʠʡ ʘʨʭʽʪʝʢʪʫʨʥʠʡ ʧʦʰʫʢ ʟʘ 

ʢʽʣʴʢʽʩʪʶ ʰʘʨʽʚ, ʨʦʟʤʽʨʥʽʩʪʶ ʧʨʠʭʦʚʘʥʦʛʦ ʧʨʦʩʪʦʨʫ ʯʠ ʦʙʩʷʛʦʤ ʥʘʚʯʘʣʴʥʠʭ 

ʜʘʥʠʭ, ʪʦʤʫ ʥʝʛʘʪʠʚʥʠʡ ʨʝʟʫʣʴʪʘʪ ʥʘ n = 20 ʩʣʽʜ ʪʨʘʢʪʫʚʘʪʠ ʷʢ ʦʙʤʝʞʝʥʥʷ 

ʜʦʩʣʽʜʞʝʥʦʾ ʙʘʟʦʚʦʾ ʢʦʥʬʽʛʫʨʘʮʽʾ, ʘ ʥʝ ʦʩʪʘʪʦʯʥʠʡ ʚʠʩʥʦʚʦʢ ʱʦʜʦ ʚʩʽʭ GNN-

ʧʽʜʭʦʜʽʚ. 

ʋ ʧʽʜʩʫʤʢʫ, ʟʘʧʨʦʧʦʥʦʚʘʥʠʡ ʧʽʜʭʽʜ ʻ ʝʬʝʢʪʠʚʥʦʶ ʘʣʴʪʝʨʥʘʪʠʚʦʶ 

ʩʢʣʘʜʥʠʤ end-to-end ʤʦʜʝʣʷʤ ʧʨʦʛʥʦʟʫʚʘʥʥʷ ʧʦʚʥʦʛʦ ʤʘʨʰʨʫʪʫ. ʁʦʛʦ ʣʝʛʰʝ 

ʥʘʚʯʘʪʠ, ʚʽʥ ʢʨʘʱʝ ʧʽʜʜʘʻʪʴʩʷ ʽʥʪʝʨʧʨʝʪʘʮʽʾ ʪʘ ʣʝʛʢʦ ʧʦʻʜʥʫʻʪʴʩʷ ʟ ʥʘʷʚʥʠʤʠ 

ʘʣʛʦʨʠʪʤʘʤʠ. ɺʘʞʣʠʚʦ, ʱʦ ʧʦʢʨʘʱʝʥʥʷ ʥʘ ʨʽʚʥʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʨʝʙʝʨ 

ʧʝʨʝʥʦʩʠʪʴʩʷ ʽ ʥʘ ʢʽʥʮʝʚʫ ʷʢʽʩʪʴ ʧʦʙʫʜʦʚʘʥʦʛʦ ʤʘʨʰʨʫʪʫ, ʟʥʠʞʫʶʯʠ 

ʚʽʜʭʠʣʝʥʥʷ ʚʽʜ ʦʧʪʠʤʘʣʴʥʦʾ ʜʦʚʞʠʥʠ ʚ ʧʦʨʽʚʥʷʥʥʽ ʟ ʚʠʢʣʶʯʥʦ ʞʘʜʽʙʥʠʤ 

ʧʽʜʭʦʜʦʤ. ʄʘʡʙʫʪʥʽ ʨʦʟʨʦʙʢʠ ʜʦʮʽʣʴʥʦ ʟʦʩʝʨʝʜʠʪʠ ʥʘ ʩʠʣʴʥʽʰʠʭ ʘʨʭʽʪʝʢʪʫʨʘʭ 

ʟ ʫʨʘʭʫʚʘʥʥʷʤ ʨʝʙʝʨ, ʩʢʣʘʜʥʽʰʠʭ ʩʭʝʤʘʭ ʽʥʪʝʛʨʘʮʽʡ ʟ ʣʦʢʘʣʴʥʠʤ ʧʦʰʫʢʦʤ ʪʘ 

ʚʠʚʯʝʥʥʶ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʥʘ ʟʘʜʘʯʽ ʙʽʣʴʰʦʾ ʨʦʟʤʽʨʥʦʩʪʽ. 
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ɺʩʪʫʧ 

ɼʠʥʘʤʽʢʘ ʟʤʽʥ ʟʝʤʣʝʢʦʨʠʩʪʫʚʘʥʥʷ ʪʘ ʟʝʤʥʦʛʦ ʧʦʢʨʠʚʫ ʻ ʦʜʥʠʤ ʽʟ 

ʥʘʡʚʘʞʣʠʚʽʰʠʭ ʽʥʜʠʢʘʪʦʨʽʚ ʘʥʪʨʦʧʦʛʝʥʥʦʛʦ ʚʧʣʠʚʫ ʥʘ ʥʘʚʢʦʣʠʰʥʻ 

ʩʝʨʝʜʦʚʠʱʝ. ʈʦʟʰʠʨʝʥʥʷ ʤʽʩʴʢʠʭ ʪʝʨʠʪʦʨʽʡ, ʜʝʛʨʘʜʘʮʽʷ ʣʽʩʦʚʠʭ ʤʘʩʠʚʽʚ ʪʘ 

ʪʨʘʥʩʬʦʨʤʘʮʽʷ ʧʨʠʨʦʜʥʠʭ ʣʘʥʜʰʘʬʪʽʚ ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚʧʣʠʚʘʶʪʴ ʥʘ 

ʝʢʦʣʦʛʽʯʥʫ ʩʪʘʙʽʣʴʥʽʩʪʴ ʨʝʛʽʦʥʽʚ, ʤʽʢʨʦʢʣʽʤʘʪ ʪʘ ʩʪʘʥ ʧʨʠʨʦʜʥʠʭ ʨʝʩʫʨʩʽʚ. ɼʣʷ 

ʟʘʙʝʟʧʝʯʝʥʥʷ ʩʪʘʣʦʛʦ ʨʦʟʚʠʪʢʫ ʪʝʨʠʪʦʨʽʡ ʪʘ ʧʨʠʡʥʷʪʪʷ ʦʙˇʨʫʥʪʦʚʘʥʠʭ 

ʫʧʨʘʚʣʽʥʩʴʢʠʭ ʨʽʰʝʥʴ ʚʠʥʠʢʘʻ ʧʦʪʨʝʙʘ ʫ ʚʧʨʦʚʘʜʞʝʥʥʽ ʽʥʩʪʨʫʤʝʥʪʽʚ 

ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʪʘ ʘʥʘʣʽʟʫ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʠʭ ʟʤʽʥ ʧʝʚʥʠʭ ʜʽʣʷʥʦʢ ʟʝʤʥʦʾ 

ʧʦʚʝʨʭʥʽ. ɽʬʝʢʪʠʚʥʠʤ ʚʠʨʽʰʝʥʥʷʤ ʮʽʻʾ ʧʨʦʙʣʝʤʠ ʻ ʚʠʢʦʨʠʩʪʘʥʥʷ ʜʘʥʠʭ 

ʜʠʩʪʘʥʮʽʡʥʦʛʦ ʟʦʥʜʫʚʘʥʥʷ ɿʝʤʣʽ ʫ ʧʦʻʜʥʘʥʥʽ ʟ ʘʣʛʦʨʠʪʤʘʤʠ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ ʜʣʷ ʘʚʪʦʤʘʪʠʟʘʮʽʾ ʧʨʦʮʝʩʫ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʥʽʤʢʽʚ ʪʘ ʧʦʜʘʣʴʰʦʛʦ 

ʘʥʘʣʽʟʫ ʮʠʭ ʢʣʘʩʠʬʽʢʘʮʽʡ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʟʤʽʥ. 

ʊʝʦʨʝʪʠʯʥʽ ʦʩʥʦʚʠ 

ɼʠʩʪʘʥʮʽʡʥʝ ʟʦʥʜʫʚʘʥʥʷ ʮʝ ʚʠʤʽʨʶʚʘʥʥʷ ʝʥʝʨʛʽʾ, ʱʦ ʚʠʧʨʦʤʽʥʶʻʪʴʩʷ 

ʚʽʜ ʟʝʤʥʦʾ ʧʦʚʝʨʭʥʽ. ʗʢʱʦ ʜʞʝʨʝʣʦʤ ʝʥʝʨʛʽʾ, ʻ ʉʦʥʮʝ, ʪʦ ʮʝ ʧʘʩʠʚʥʝ 

https://openreview.net/forum?id=ByxBFsRqYm
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ʜʠʩʪʘʥʮʽʡʥʝ ʟʦʥʜʫʚʘʥʥʷ, ʷʢʝ ʙʘʟʫʻʪʴʩʷ ʥʘ ʨʝʻʩʪʨʘʮʽʾ ʦʧʪʠʯʥʠʤʠ ʩʝʥʩʦʨʘʤʠ 

ʩʦʥʷʯʥʦʾ ʝʥʝʨʛʽʾ, ʱʦ ʚʽʜʙʠʚʘʻʪʴʩʷ ʚʽʜ ʟʝʤʥʦʾ ʧʦʚʝʨʭʥʽ [1]. ʉʘʤʝ ʪʘʢʠʡ ʚʠʜ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʚ ʜʘʥʽʡ ʨʦʙʦʪʽ. ʇʨʦʮʝʩ ʦʪʨʠʤʘʥʥʷ ʩʫʧʫʪʥʠʢʦʚʠʭ ʜʘʥʠʭ ʻ 

ʨʝʟʫʣʴʪʘʪʦʤ ʩʢʣʘʜʥʦʾ ʚʟʘʻʤʦʜʽʾ ʝʣʝʢʪʨʦʤʘʛʥʽʪʥʦʛʦ ʚʠʧʨʦʤʽʥʶʚʘʥʥʷ ʟ 

ʘʪʤʦʩʬʝʨʦʶ ʪʘ ʢʦʤʧʦʥʝʥʪʘʤʠ ʣʘʥʜʰʘʬʪʫ, ʱʦ ʩʫʧʨʦʚʦʜʞʫʻʪʴʩʷ ʡʦʛʦ 

ʧʨʦʧʫʩʢʘʥʥʷʤ, ʨʦʟʩʽʶʚʘʥʥʷʤ, ʧʦʛʣʠʥʘʥʥʷʤ ʪʘ ʚʽʜʙʠʪʪʷʤ [2]. ɼʣʷ ʮʠʬʨʦʚʦʛʦ 

ʢʦʜʫʚʘʥʥʷ ʦʪʨʠʤʘʥʦʾ ʽʥʬʦʨʤʘʮʽʾ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʢʦʥʮʝʧʮʽʷ 

ʝʣʝʢʪʨʦʤʘʛʥʽʪʥʦʛʦ ʩʧʝʢʪʨʘ ð ʩʠʩʪʝʤʠ, ʷʢʘ ʢʣʘʩʠʬʽʢʫʻ ʟʘ ʜʦʚʞʠʥʦʶ ʭʚʠʣʽ ʚʩʽ 

ʚʠʜʠ ʝʥʝʨʛʽʾ, ʱʦ ʧʦʰʠʨʶʶʪʴʩʷ ʟʽ ʩʪʘʣʦʶ ʰʚʠʜʢʽʩʪʶ ʩʚʽʪʣʘ [2]. ʇʘʩʠʚʥʽ 

ʢʦʩʤʽʯʥʽ ʩʝʥʩʦʨʠ ʨʝʻʩʪʨʫʶʪʴ ʚʠʧʨʦʤʽʥʶʚʘʥʥʷ ʚ ʦʧʪʠʯʥʠʭ ʤʝʞʘʭ ʩʧʝʢʪʨʘ, ʱʦ 

ʦʭʦʧʣʶʻ ʚʠʜʠʤʠʡ (RGB), ʙʣʠʞʥʽʡ ʽʥʬʨʘʯʝʨʚʦʥʠʡ (NIR) ʪʘ ʢʦʨʦʪʢʦʭʚʠʣʴʦʚʠʡ 

ʽʥʬʨʘʯʝʨʚʦʥʠʡ (SWIR) ʜʽʘʧʘʟʦʥʠ. ʅʘ ʬʽʟʠʯʥʦʤʫ ʨʽʚʥʽ ʩʫʧʫʪʥʠʢʦʚʠʡ ʟʥʽʤʦʢ ʮʝ 

ʜʚʦʚʠʤʽʨʥʘ ʨʘʩʪʨʦʚʘ ʤʘʪʨʠʮʷ [1]. ʂʦʞʝʥ ʾʾ ʧʽʢʩʝʣʴ ʤʽʩʪʠʪʴ ʙʝʟʨʦʟʤʽʨʥʝ ʮʽʣʝ 

ʯʠʩʣʦ ð ʮʠʬʨʦʚʝ ʟʥʘʯʝʥʥʷ ʷʩʢʨʘʚʦʩʪʽ, ʷʢʝ ʧʨʦʧʦʨʮʽʡʥʝ ʽʥʪʝʥʩʠʚʥʦʩʪʽ 

ʚʽʜʙʠʪʦʛʦ ʩʚʽʪʣʘ, ʟʘʨʝʻʩʪʨʦʚʘʥʦʛʦ ʩʝʥʩʦʨʦʤ. ʄʫʣɹʪʠʩʧʝʢʪʨʘʣʴʥʽ ʜʘʥʽ 

ʽʥʪʝʛʨʫʶʪʴʩʷ ʚ ʻʜʠʥʠʡ ʬʘʡʣ ʬʦʨʤʘʪʫ GeoTIFF[5], ʷʢʠʡ ʦʙ'ʻʜʥʫʻ ʩʧʝʢʪʨʘʣʴʥʽ 

ʢʘʥʘʣʠ ʫ ʚʠʛʣʷʜʽ ʦʢʨʝʤʠʭ ʨʘʩʪʨʦʚʠʭ ʰʘʨʽʚ ʪʘ ʤʽʩʪʠʪʴ ʧʨʦʩʪʦʨʦʚʫ ʧʨʠʚ'ʷʟʢʫ 

(ʛʝʦʛʨʘʬʽʯʥʽ ʤʝʪʘʜʘʥʽ ʡ ʧʘʨʘʤʝʪʨʠ ʧʨʦʝʢʮʽʾ). 

ɼʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʥʽʤʢʽʚ ʚʠʢʦʨʠʩʪʦʚʫʚʘʚʩʷ ʘʣʛʦʨʠʪʤ Random Forest. 

ʅʘʚʝʜʝʥʠʡ ʘʣʛʦʨʠʪʤ ʻ ʤʝʪʦʜʦʤ ʢʦʥʪʨʦʣʴʦʚʘʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ɺʭʽʜʥʠʤʠ ʜʘʥʠʤʠ ʜʣʷ ʥʘʚʯʘʥʥʷ ʻ ʰʝʡʧ-ʬʘʡʣʘʤʠ[6], ʱʦ ʤʽʩʪʷʪʴ ʧʦʣʽʛʦʥʠ. 

ɸʣʛʦʨʠʪʤ ʙʫʜʫʻʪʴʩʷ ʷʢ ʟʙʽʨʢʘ ʥʝʟʘʣʝʞʥʠʭ ʜʝʨʝʚ ʧʨʠʡʥʷʪʪʷ ʨʽʰʝʥʴ ʟʘ 

ʪʝʭʥʦʣʦʛʽʻʶ ʙʝʛʛʽʥʛ [3]. ɼʣʷ ʢʦʞʥʦʛʦ ʜʝʨʝʚʘ ʚʠʧʘʜʢʦʚʠʤ ʯʠʥʦʤ ʬʦʨʤʫʻʪʴʩʷ 

ʥʘʚʯʘʣʴʥʘ ʧʽʜʚʠʙʽʨʢʘ ʧʽʢʩʝʣʽʚ, ʘ ʨʦʟʜʽʣʝʥʥʷ ʚʫʟʣʽʚ ʜʝʨʝʚʘ ʚʽʜʙʫʚʘʻʪʴʩʷ ʥʘ 

ʦʩʥʦʚʽ ʚʠʧʘʜʢʦʚʦʾ ʧʽʜʤʥʦʞʠʥʠ ʦʟʥʘʢ, ʫ ʨʦʣʽ ʷʢʠʭ ʚʠʩʪʫʧʘʶʪʴ ʩʧʝʢʪʨʘʣʴʥʽ 

ʢʘʥʘʣʠ Sentinel-2. ʂʨʠʪʝʨʽʻʤ ʦʧʪʠʤʘʣʴʥʦʛʦ ʨʦʟʜʽʣʝʥʥʷ ʫ ʚʫʟʣʘʭ ʻ ʤʽʥʽʤʽʟʘʮʽʷ 

ʽʥʜʝʢʩʫ ʥʝʦʜʥʦʨʽʜʥʦʩʪʽ ɼʞʠʥʽ [3], ʷʢʠʡ ʨʦʟʨʘʭʦʚʫʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

Ὃ ὴͮ ρ ὴͮ  

ʜʝ ὑ ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ (ʫ ʜʘʥʦʤʫ ʚʠʧʘʜʢʫ k = 3) , ὴͮ  ï ʡʤʦʚʽʨʥʽʩʪʴ 

ʧʨʠʥʘʣʝʞʥʦʩʪʽ ʧʽʢʩʝʣʷ ʜʦ k-ʛʦ ʢʣʘʩʫ ʚ m-ʤʫ ʚʫʟʣʽ ʜʝʨʝʚʘ, ʱʦ ʨʦʟʛʣʷʜʘʻʪʴʩʷ. 

ʉʬʦʨʤʦʚʘʥʘ ʤʦʜʝʣʴ Random Forest ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʙʝʟʧʦʩʝʨʝʜʥʴʦ 

ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʥʦʚʠʭ, ʥʝʚʽʜʦʤʠʭ ʧʽʢʩʝʣʽʚ ʩʫʧʫʪʥʠʢʦʚʦʛʦ ʟʥʽʤʢʘ. ʂʦʞʝʥ 

ʢʣʘʩʠʬʽʢʦʚʘʥʠʡ ʧʽʢʩʝʣʴ ̔ ʟ ʚʝʢʪʦʨʦʤ ʩʧʝʢʪʨʘʣʴʥʠʭ ʦʟʥʘʢ x ʧʨʦʭʦʜʠʪʴ ʢʨʽʟʴ ʫʩʶ 

ʩʪʨʫʢʪʫʨʫ ʟ B ʨʘʥʽʰʝ ʧʦʙʫʜʦʚʘʥʠʭ ʜʝʨʝʚ. ʂʦʞʥʝ ʽʥʜʠʚʽʜʫʘʣʴʥʝ ʜʝʨʝʚʦ b 
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ʧʨʠʡʤʘʻ ʨʽʰʝʥʥʷ ʥʘ ʦʩʥʦʚʽ ʩʚʦʾʭ ʟʘʬʽʢʩʦʚʘʥʠʭ ʧʨʘʚʠʣ ʪʘ ʛʝʥʝʨʫʻ ʚʣʘʩʥʠʡ 

ʧʨʦʛʥʦʟ ʢʣʘʩʫ ˞ͮ ὼ. ʂʽʥʮʝʚʝ ʨʽʰʝʥʥʷ ʤʦʜʝʣʽ ʱʦʜʦ ʧʨʠʥʘʣʝʞʥʦʩʪʽ ʧʽʢʩʝʣʷ ʜʦ 

ʦʜʥʦʛʦ ʟ ʮʽʣʴʦʚʠʭ ʢʣʘʩʽʚ ʧʨʠʡʤʘʻʪʴʩʷ ʛʦʣʦʩʫʚʘʥʥʷʤ ʽ ʤʘʪʝʤʘʪʠʯʥʦ ʦʧʠʩʫʻʪʴʩʷ 

ʷʢ ʘʨʛʫʤʝʥʪ ʤʘʢʩʠʤʫʤʫ ʬʫʥʢʮʽʾ ʨʦʟʧʦʜʽʣʫ ʛʦʣʦʩʽʚ[3]: 

˞ͮ ὼ ὥὶὫάὥὼ
̤ ȟȟ

Ὅ˞ͮ ὼ Ὧ 

B ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʜʝʨʝʚ ʫ ʩʬʦʨʤʦʚʘʥʽʡ ʤʦʜʝʣʽ 

k ï ʽʥʜʝʢʩ ʮʽʣʴʦʚʦʛʦ ʢʣʘʩʫ ʧʦʢʨʠʪʪʷ ʟʝʤʥʦʾ ʧʦʚʝʨʭʥʽ 

I ï ʽʥʜʠʢʘʪʦʨʥʘ ʬʫʥʢʮʽʷ, ʱʦ ʜʦʨʽʚʥʶʻ 1, ʷʢʱʦ ʧʨʦʛʥʦʟ ʜʝʨʝʚʘ ˞ͮ ὼ 

ʚʽʜʧʦʚʽʜʘʻ ʢʣʘʩʫ k, ʽ 0 ð ʚ ʽʥʰʦʤʫ ʚʠʧʘʜʢʫ. 

ɼʣʷ ʦʮʽʥʢʠ ʤʦʜʝʣʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʷ ʟʘʛʘʣʴʥʘ ʪʦʯʥʽʩʪʴ[4] ï ʧʘʨʘʤʝʪʨ, 

ʷʢʠʡ ʧʦʢʘʟʫʻ ʚʽʜʩʦʪʦʢ ʧʨʘʚʠʣʴʥʦ ʢʣʘʩʠʬʽʢʦʚʘʥʠʭ ʧʽʢʩʝʣʽʚ: 

ὕὃ
В ὼ

ὔ
 

В ὼ ï ʩʫʤʘ ʝʣʝʤʝʥʪʽʚ ʥʘ ʛʦʣʦʚʥʽʡ ʜʽʘʛʦʥʘʣʽ ʤʘʪʨʠʮʽ ʧʦʤʠʣʦʢ, ʪʦʙʪʦ 

ʩʫʤʘ  ʧʨʘʚʠʣʴʥʦ ʚʛʘʜʘʥʠʭ ʧʽʢʩʝʣʽ 

N ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʪʝʩʪʦʚʠʭ ʧʽʢʩʝʣʽʚ. 

K ð ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʽʚ (K=3). 

ʈʝʟʫʣʴʪʘʪʠ 

ʈʠʩ. 1. ʅʘ ʧʦʜʘʥʦʤʫ ʨʠʩʫʥʢʫ ʧʦʢʘʟʘʥʽ ʩʫʧʫʪʥʠʢʦʚʽ ʟʥʽʤʢʠ ʯʘʩʪʠʥʠ ʃʴʚʦʚʘ ʚ 

ʥʘʪʫʨʘʣʴʥʦʤʫ ʢʦʣʴʦʨʽ. ʇʝʨʰʠʡ ʟʥʽʤʦʢ ï 2017 ʨʽʢ, ɼʨʫʛʠʡ ʟʥʽʤʦʢ ï 2021 ʨʽʢ. 
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ʈʠʩ. 2. ʅʘ ʧʦʜʘʥʦʤʫ ʨʠʩʫʥʢʫ ʧʦʢʘʟʘʥʽ ʢʣʘʩʠʬʽʢʘʮʽʾ ʩʫʧʫʪʥʠʢʦʚʠʭ ʟʥʽʤʢʽʚ 

ʥʘʚʝʜʝʥʠʭ ʚʠʱʝ, ʜʝ ʩʽʨʠʤ ʢʦʣʴʦʨʦʤ ʧʦʟʥʘʯʝʥʦ ʯʘʩʪʠʥʫ ʟʘʙʫʜʦʚʠ, ʟʝʣʝʥʠʤ ï ʛʫʩʪʫ 

ʨʦʩʣʠʥʥʽʩʪʴ, ʦʨʘʥʞʝʚʠʤ ï ʪʝʨʠʪʦʨʽʾ ʙʝʟ ʨʦʩʣʠʥʥʦʛʦ ʧʦʢʨʠʚʫ (ʥʘʧʨʠʢʣʘʜ ʪʘʤ, ʜʝ 

ʚʝʜʫʪʴʩʷ ʧʽʜʛʦʪʦʚʯʽ ʨʦʙʦʪʠ ʜʣʷ ʧʦʜʘʣʴʰʦʾ ʟʘʙʫʜʦʚʠ). 

 

ʊʘʙʣ. 1. ʄʘʪʨʠʮʷ ʧʨʦʩʪʦʨʦʚʦ-ʯʘʩʦʚʠʭ ʧʝʨʝʭʦʜʽʚ ʢʣʘʩʠʬʽʢʘʮʽʡ ʜʣʷ ʘʥʘʣʽʟʫ ʟʤʽʥ 

ʉʪʘʥ ʫ T1 \ 

ʉʪʘʥ ʫ T2 
ɿʘʙʫʜʦʚʘ ʈʦʩʣʠʥʥʽʩʪʴ 

ɺʽʜʢʨʠʪʠʡ 

ˇʨʫʥʪ 
ʉʫʤʘ ʫ T1 

ɿʘʙʫʜʦʚʘ 3579.23 78.15 87.11 3744.49 

ʈʦʩʣʠʥʥʽʩʪʴ 187.68 199.77 10.02 397.47 

ɺʽʜʢʨʠʪʠʡ 

ˇʨʫʥʪ 
28.94 03.04 73.21 105.19 

ʉʫʤʘ ʫ T2 3795.85 280.96 170.34 4247.15 
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ʈʠʩ. 1. ʅʘ ʧʦʜʘʥʦʤʫ ʨʠʩʫʥʢʫ ʧʦʢʘʟʘʥʘ ʢʘʨʪʘ ʟʤʽʥ 

 

22 ï ʩʪʘʣʽ ʧʣʦʱʽ ʢʣʘʩʫ ɿʘʙʫʜʦʚʘ  32 ï ʈʦʩʣʠʥʥʽʩʪʴ Ÿ ɿʘʙʫʜʦʚʘ 

23 ï ɿʘʙʫʜʦʚʘ Ÿ ʈʦʩʣʠʥʥʽʩʪʴ  33 ï ʩʪʘʣʽ ʧʣʦʱʽ ʢʣʘʩʫ ʈʦʩʣʠʥʥʽʩʪʴ 

24 ï ɿʘʙʫʜʦʚʘ Ÿ ɺʽʜʢʨʠʪʠʡ ˇʨʫʥʪ 34 ï ʈʦʩʣʠʥʥʽʩʪʴ Ÿ ɺʽʜʢʨʠʪʠʡ ˇʨʫʥʪ 

42 ï ɺʽʜʢʨʠʪʠʡ ˇʨʫʥʪ Ÿ ɿʘʙʫʜʦʚʘ 43 ï ɺʽʜʢʨʠʪʠʡ ˇʨʫʥʪ Ÿ ʈʦʩʣʠʥʥʽʩʪʴ 

44 ï ʩʪʘʣʽ ʧʣʦʱʽ ʢʣʘʩʫ ɺʽʜʢʨʠʪʠʡ ˇʨʫʥʪ 
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Introduction  

Air pollution is a critical global issue with significant environmental and 

health impacts. Mathematical modeling of pollutant dispersion enables quantitative 

analysis of concentration fields and supports decision-making in environmental 

management. 

Problem formulation  

Consider a stationary diffusionïadvectionïreaction model in a bounded 

domain  ṒὙ  

‘ῳό‍ẗ​ό „ό Ὢȟὼɴ  ȟ
ό πȟὼɴ ‬ Ȣ

ρ
 

Here‘ π is the diffusion coefficient, ‍ὼȟώis the advection field, „ π is 

the reaction coefficient, and Ὢὼȟώ represents pollutant sources. 

The variational formulation reads: find όᶰὠ such that 

ὥόȟὺ ἂὪȟὺἃȟ

ς
 

where 

ὥόȟὺ ‘​όẗ​ὺ ‍ẗ​όὺ „όὺὨὼȟ

ἂὪȟὺἃ ὪὺὨὼȢ

σ

 

Under standard assumptions, existence and uniqueness of the solution ό  

follow from the LaxïMilgram theorem [1, 2]. 

Finite element implementation  

In this work the solution is approximated in a finite-dimensional subspace ὠ 

using ὖ elements:ό Вό‰ . This leads to a linear system 
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ὃό Ὂȟ

ὃ ὥ‰ȟ‰ ȟ

Ὂ ἂὪȟ‰ἃȢ

τ

 

To improve accuracy, an a posteriori error estimator is used. The error is 

estimated from a similar variational problem as (2), where Ὡ ό ό: 

ὥόȟὺ ἂὪȟὺἃȟ

ὥόȟὺ ἂὪȟὺἃȟ

υ

 

so we have 

ὥὩȟὺ ὥό όȟὺ ὥόȟὺ ὥόȟὺ ἂὪȟὺἃ ὥόȟὺȟ

φ
 

Ὡ –ὦȢ

χ

 

In general, the estimation of the error (7) is as complex as the computation of 

the solution of the original problem [3]. To reduce the computational cost a special 

bubble function is used that is defined on the unit triangle as 

ὦὼȟώ ςχὼώρ ὼ ώȢ

ψ
 

This function is zero along the edges of the triangle and outside it, takes 

values only in the range [0,1], and attains its maximum at ȟ . An important 

property is that ὦ and ὦ are orthogonal:  ὦȟὦ π  only if Ὥ Ὦ. 

Under these conditions, the matrix of the system of equations derived from 

the discretized problem (6), (7) is reduced to a diagonal matrix. The coefficient on 

each triangle is therefore defined as 

–
ἂὪȟὦἃ ὥόȟὦ

ὥὦȟὦ
Ȣ

ω

 

The error indicator for each triangle is computed as –ᴁὦᴁ . The 

elements with the largest value of the indicator are refined. 

Implementation details  

The described procedure was implemented using the Rust programming 

language with the egui framework for GUI, and the wgpu library (native 

implementation of the WebGPU standard) for the solution visualization. Mesh 
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generation and refinement are performed by means of the Triangle library, which 

proved to be fast and reliable for this task. 

The initial mesh generated at the initial step is usually not very detailed, 

containing around 100 elements, at each refinement step in the implementation 20% 

of the triangles with the largest error estimate are marked for refinement and this 

information is passed to the triunsuitable callback provided by the Triangle library. 

The bilinear form and linear functional for each element is computed using 

the Gaussian quadrature derived for the unit triangle. 

Numerical results 

To test the described algorithm, the following problem is solved 

   πȟρππ πȟρππȟ
ό π ÏÎ ‬ ȟ

‘ὼȟώ υπȟ„ὼȟώ πȢςȟ

‍ὼȟώ ς ὼ υπ ρπώ υπȟςρπὼ υπ ώ υπ ȟ
 

Table 1 shows the numerical results of the solution for the test problem (10) 

at each refinement step, including number of elements, degrees of freedom, the 

norms of the approximated solution, the norms of the estimated error function and 

the convergence rate of the error function. The results show superconvergence in the  

Ὄ  norm after the 6th iteration. 

Table 1. Numerical results for the test problem 

 n dof ό᷉ ᷉  ό᷉ ᷉  Ὡ᷉᷉  Ὡ᷉᷉  ὶ  ὶ  

0 198 116 1.219702e-2 1.250765e-2 3.996415e-2 4.971057e-2 - - 

1 273 157 1.507269e-2 1.529994e-2 1.824591e-2 2.552790e-2 2.44 2.08 

2 374 210 1.664018e-2 1.707476e-2 1.596060e-2 2.628278e-2 0.46 -0.09 

3 541 297 1.262949e-2 1.322243e-2 8.490828e-3 1.614529e-2 1.71 1.31 

4 785 421 1.246318e-2 1.365876e-2 5.594970e-3 1.416513e-2 1.12 0.35 

5 1089 575 1.213299e-2 1.304610e-2 3.454919e-3 8.222347e-3 1.47 1.66 

6 1600 835 1.208178e-2 1.332684e-2 2.408741e-3 7.007034e-3 0.93 0.41 

7 2284 1182 1.218891e-2 1.340856e-2 1.071281e-3 3.763604e-3 2.27 1.74 

8 3237 1660 1.225550e-2 1.348741e-2 6.797764e-4 2.352217e-3 1.3 1.34 

9 4673 2386 1.227564e-2 1.350159e-2 2.872787e-4 1.233844e-3 2.35 1.75 

10 6788 3445 1.229548e-2 1.351512e-2 1.363129e-4 7.905372e-4 2 1.19 

11 10036 5070 1.231894e-2 1.353680e-2 7.512067e-5 4.945075e-4 1.52 1.20 
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Figure 1 shows the visualization of the solution at the final step. Values close 

to zero are shown in blue, while regions with the highest concentration are shown in 

red. Figure 2 presents the refined mesh corresponding to this solution. 

 
Fig. 1. Visualization of the solution of the test problem 

 
Fig. 2. Adaptive mesh 

Conclusion 

The finite element approach provides an efficient framework for modeling 

pollutant dispersion. When combined with adaptive refinement techniques, it 

enables the accurate solution of problems involving complex advection fields by 
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selectively capturing fine-scale flow structures and steep concentration gradients. 

This improves both numerical stability and computational efficiency, making the 

method well suited for realistic environmental transport simulations. 
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ɼʆʉʃɯɼɾɽʅʅʗ ʌʆʈʄʋɺɸʅʅʗ ʉʊʈʋʂʊʋʈ ʊʖʈɯʅɻɸ ʋ 

ʈɽɸʂʎɯʁʅʆ-ɼʀʌʋɿɯʁʅɯʁ ʄʆɼɽʃɯ ɽʃɽʂʊʈʆʆʉɸɼɾɽʅʅʗ 

ʂʦʛʫʪ ʍʨʠʩʪʠʥʘ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

khrystyna.kohut@lnu.edu.ua 

ɺʩʪʫʧ 

ɽʣʝʢʪʨʦʦʩʘʜʞʝʥʥʷ ï ʮʝ ʝʣʝʢʪʨʦʭʽʤʽʯʥʠʡ ʧʨʦʮʝʩ ʬʦʨʤʫʚʘʥʥʷ 

ʤʝʪʘʣʝʚʦʛʦ ʧʦʢʨʠʪʪʷ ʥʘ ʧʦʚʝʨʭʥʽ ʝʣʝʢʪʨʦʜʘ. ʗʢʽʩʪʴ ʪʘʢʦʛʦ ʧʦʢʨʠʪʪʷ ʟʘʣʝʞʠʪʴ 

ʥʝ ʪʽʣʴʢʠ ʚʽʜ ʩʢʣʘʜʫ ʝʣʝʢʪʨʦʣʽʪʫ ʯʠ ʫʤʦʚ ʧʨʦʚʝʜʝʥʥʷ ʧʨʦʮʝʩʫ, ʘ ʡ ʚʽʜ ʪʦʛʦ, ʷʢ 

ʟʤʽʥʶʻʪʴʩʷ ʧʦʚʝʨʭʥʷ ʧʽʜ ʯʘʩ ʦʩʘʜʞʝʥʥʷ. ʋ ʜʝʷʢʠʭ ʚʠʧʘʜʢʘʭ ʧʦʚʝʨʭʥʷ 

ʟʘʣʠʰʘʻʪʴʩʷ ʤʘʡʞʝ ʨʽʚʥʦʶ, ʘ ʚ ʽʥʰʠʭ ʥʘ ʥʽʡ ʤʦʞʫʪʴ ʚʠʥʠʢʘʪʠ ʩʤʫʛʠ, ʧʣʷʤʠ 

ʘʙʦ ʣʘʙʽʨʠʥʪʦʧʦʜʽʙʥʽ ʩʪʨʫʢʪʫʨʠ. ʊʘʢʽ ʟʤʽʥʠ ʤʦʞʫʪʴ ʚʧʣʠʚʘʪʠ ʥʘ ʨʽʚʥʦʤʽʨʥʽʩʪʴ, 

ʰʦʨʩʪʢʽʩʪʴ ʽ ʚʣʘʩʪʠʚʦʩʪʽ ʧʦʢʨʠʪʪʷ. 

ʋ ʮʽʡ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʤʦʨʬʦʭʽʤʽʯʥʘ ʤʦʜʝʣʴ ʝʣʝʢʪʨʦʦʩʘʜʞʝʥʥʷ. 

ɺʦʥʘ ʦʧʠʩʫʻ ʜʚʽ ʧʦʚôʷʟʘʥʽ ʚʝʣʠʯʠʥʠ: ʤʦʨʬʦʣʦʛʽʶ ʧʦʚʝʨʭʥʽ ʪʘ ʭʽʤʽʯʥʝ 

ʧʦʢʨʠʪʪʷ. ʉʪʫʧʽʥʴ ʧʦʚʝʨʭʥʝʚʦʛʦ ʧʦʢʨʠʪʪʷ ʚʧʣʠʚʘʻ ʥʘ ʣʦʢʘʣʴʥʫ ʰʚʠʜʢʽʩʪʴ 

ʦʩʘʜʞʝʥʥʷ ʤʘʪʝʨʽʘʣʫ, ʘ ʥʝʨʽʚʥʦʩʪʽ ʧʦʚʝʨʭʥʽ, ʫ ʩʚʦʶ ʯʝʨʛʫ, ʟʤʽʥʶʶʪʴ ʨʦʟʧʦʜʽʣ 

mailto:khrystyna.kohut@lnu.edu.ua
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ʘʜʩʦʨʙʦʚʘʥʠʭ ʯʘʩʪʠʥʦʢ. ʏʝʨʝʟ ʮʝ ʧʦʚʝʨʭʥʷ ʤʦʞʝ ʩʪʘʚʘʪʠ ʥʝʦʜʥʦʨʽʜʥʦʶ ʽ 

ʬʦʨʤʫʚʘʪʠ ʧʨʦʩʪʦʨʦʚʽ ʩʪʨʫʢʪʫʨʠ. ʋ ʪʘʢʦʤʫ ʚʠʧʘʜʢʫ ʮʽ ʩʪʨʫʢʪʫʨʠ ʤʦʞʥʘ 

ʧʦʷʩʥʠʪʠ ʥʝʩʪʽʡʢʽʩʪʶ ʊʶʨʽʥʛʘ, ʢʦʣʠ ʦʜʥʦʨʽʜʥʠʡ ʩʪʘʥ ʧʦʚʝʨʭʥʽ ʩʪʘʻ ʥʝʩʪʽʡʢʠʤ 

ʜʦ ʤʘʣʠʭ ʧʨʦʩʪʦʨʦʚʠʭ ʟʙʫʨʝʥʴ, ʽ ʟ ʯʘʩʦʤ ʮʽ ʟʙʫʨʝʥʥʷ ʧʝʨʝʪʚʦʨʶʶʪʴʩʷ ʥʘ 

ʚʧʦʨʷʜʢʦʚʘʥʠʡ ʚʽʟʝʨʫʥʦʢ [1]. 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʯʠʩʝʣʴʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʤʦʨʬʦʭʽʤʽʯʥʦʾ ʤʦʜʝʣʽ 

ʝʣʝʢʪʨʦʦʩʘʜʞʝʥʥʷ, ʘʥʘʣʽʟ ʬʦʨʤʫʚʘʥʥʷ ʧʨʦʩʪʦʨʦʚʠʭ ʩʪʨʫʢʪʫʨ ʪʘ ʦʪʨʠʤʘʥʥʷ 

ʩʪʽʡʢʦʛʦ ʯʠʩʝʣʴʥʦʛʦ ʨʦʟʚôʷʟʢʫ, ʱʦ ʜʦʟʚʦʣʷʻ ʧʨʦʩʪʝʞʠʪʠ ʧʝʨʝʭʽʜ ʚʽʜ ʤʘʣʦʛʦ 

ʧʦʯʘʪʢʦʚʦʛʦ ʟʙʫʨʝʥʥʷ ʜʦ ʩʬʦʨʤʦʚʘʥʦʾ ʩʪʨʫʢʪʫʨʠ ʧʦʚʝʨʭʥʽ.  

ʌʦʨʤʫʣʶʚʘʥʥʷ ʟʘʜʘʯʽ 

ʋ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʜʚʦʚʠʤʽʨʥʘ ʤʦʨʬʦʭʽʤʽʯʥʘ ʤʦʜʝʣʴ 

ʝʣʝʢʪʨʦʦʩʘʜʞʝʥʥʷ, ʷʢʘ ʦʧʠʩʫʻ ʟʤʽʥʫ ʬʦʨʤʠ ʧʦʚʝʨʭʥʽ ʪʘ ʭʽʤʽʯʥʦʛʦ ʧʦʢʨʠʪʪʷ ʚ 

ʯʘʩʽ [2]. 

ʅʝʭʘʡ ʧʦʚʝʨʭʥʷ ʝʣʝʢʪʨʦʜʘ ʟʘʡʤʘʻ ʧʨʷʤʦʢʫʪʥʫ ʦʙʣʘʩʪʴ 

   πȟὒ πȟὒ ȟ (1) 

–ὼȟώȟὸ ʦʧʠʩʫʻ ʤʦʨʬʦʣʦʛʽʶ ʧʦʚʝʨʭʥʽ, ʘ —ὼȟώȟὸ - ʧʦʢʨʠʪʪʷ ʧʦʚʝʨʭʥʽ 

ʘʜʩʦʨʙʦʚʘʥʠʤʠ ʯʘʩʪʠʥʢʘʤʠ, ὼȟώᶰ ȟὸɴ πȟὝȢ 

ʄʘʪʝʤʘʪʠʯʥʘ ʤʦʜʝʣʴ ʤʘʻ ʚʠʛʣʷʜ ʩʠʩʪʝʤʠ ʥʝʣʽʥʽʡʥʠʭ ʨʝʘʢʮʽʡʥʦ-

ʜʠʬʫʟʽʡʥʠʭ ʨʽʚʥʷʥʴ: 

 ‬–

‬ὸ
ῳ– Ὢ–ȟ—ȟ 

‬—

‬ὸ
Ὠῳ—Ὣ–ȟ—ȟ 

 

(2) 

ʜʝ ῳ  ʜʚʦʚʠʤʽʨʥʠʡ ʦʧʝʨʘʪʦʨ ʃʘʧʣʘʩʘ, ʘ Ὠ  ʚʽʜʥʦʰʝʥʥʷ 

ʢʦʝʬʽʮʽʻʥʪʽʚ ʜʠʬʫʟʽʾ ʜʣʷ ʭʽʤʽʯʥʦʾ ʪʘ ʤʦʨʬʦʣʦʛʽʯʥʦʾ ʟʤʽʥʥʠʭ. 

ʅʝʣʽʥʽʡʥʽ ʬʫʥʢʮʽʾ Ὢ–ȟ—ȟ ʪʘ Ὣ–ȟ—ȟ ʟʘʜʘʶʪʴʩʷ ʬʦʨʤʫʣʘʤʠ: 

Ὢ–ȟ— ὃ ρ —– ὃ– ὄ— ‌ȟ 

Ὣ–ȟ— ὅρ Ὧ– ρ — ρ ‎ρ —

Ὀ—ρ ‎— Ὧ–—ρ ‎—Ȣ 

      

(3) 

ʋ ʮʠʭ ʨʽʚʥʷʥʥʷʭ ʧʘʨʘʤʝʪʨʠ ὃȟὃȟὄȟὅȟὈȟὯȟὯȟ‌ȟ‎ ʭʘʨʘʢʪʝʨʠʟʫʶʪʴ 

ʽʥʪʝʥʩʠʚʥʽʩʪʴ ʧʨʦʮʝʩʽʚ ʦʩʘʜʞʝʥʥʷ, ʘʜʩʦʨʙʮʽʾ, ʜʝʩʦʨʙʮʽʾ ʪʘ ʚʟʘʻʤʦʜʽʾ ʤʽʞ 
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ʤʦʨʬʦʣʦʛʽʻʶ ʧʦʚʝʨʭʥʽ ʡ ʭʽʤʽʯʥʠʤ ʧʦʢʨʠʪʪʷʤ. ʂʦʝʬʽʮʽʻʥʪ Ὀ ʚʠʟʥʘʯʘʻʪʴʩʷ ʟʘ 

ʬʦʨʤʫʣʦʶ: 

 
Ὀ

ὅρ ‌ ρ ‎ ‎‌

‌ρ ‎‌
Ȣ 

(4) 

ʅʘ ʤʝʞʽ ʦʙʣʘʩʪʽ ʟʘʜʘʶʪʴʩʷ ʫʤʦʚʠ ʥʫʣʴʦʚʦʛʦ ʧʦʪʦʢʫ: 

‬–

‬ὲ
πȟ
‬—

‬ὲ
πȟὼȟώᶰ‬ ȟ 

ʜʝ ὲ  ʟʦʚʥʽʰʥʷ ʥʦʨʤʘʣʴ ʜʦ ʤʝʞʽ ʦʙʣʘʩʪʽ. ʊʦʙʪʦ ʯʝʨʝʟ ʤʝʞʫ ʨʦʟʨʘʭʫʥʢʦʚʦʾ 

ʦʙʣʘʩʪʽ ʥʝ ʚʽʜʙʫʚʘʻʪʴʩʷ ʧʝʨʝʥʝʩʝʥʥʷ ʤʦʨʬʦʣʦʛʽʯʥʦʾ ʘʙʦ ʭʽʤʽʯʥʦʾ ʟʤʽʥʥʦʾ. 

ʇʦʯʘʪʢʦʚʽ ʫʤʦʚʠ ʟʘʜʘʶʪʴʩʷ ʫ ʚʠʛʣʷʜʽ ʤʘʣʦʛʦ ʚʠʧʘʜʢʦʚʦʛʦ ʟʙʫʨʝʥʥʷ 

ʦʜʥʦʨʽʜʥʦʛʦ ʩʪʘʥʫ: 

–ὼȟώȟπ – ὼȟώȟ 

—ὼȟώȟπ — ὼȟώȢ 

ʊʘʢʠʤ ʯʠʥʦʤ, ʟʘʜʘʯʘ ʧʦʣʷʛʘʻ ʚ ʪʦʤʫ, ʱʦʙ ʯʠʩʝʣʴʥʦ ʨʦʟʚôʷʟʘʪʠ ʟʘʜʘʥʫ 

ʩʠʩʪʝʤʫ, ʜʦʩʣʽʜʠʪʠ ʜʠʥʘʤʽʢʫ ʟʤʽʥʥʠʭ–̓ —́ȟʘ ʪʘʢʦʞ, ʯʠ ʬʦʨʤʫʻʪʴʩʷ ʟ ʤʘʣʦʛʦ 

ʧʦʯʘʪʢʦʚʦʛʦ ʟʙʫʨʝʥʥʷ ʩʪʘʮʽʦʥʘʨʥʘ ʧʨʦʩʪʦʨʦʚʘ ʩʪʨʫʢʪʫʨʘ ʧʦʚʝʨʭʥʽ. 

ɼʦʩʣʽʜʞʝʥʥʷ ʤʦʜʝʣʽ 

ɼʣʷ ʜʦʩʣʽʜʞʝʥʥʷ ʤʦʜʝʣʽ ʩʧʦʯʘʪʢʫ ʨʦʟʛʣʷʥʝʤʦ ʩʪʘʮʽʦʥʘʨʥʽ ʦʜʥʦʨʽʜʥʽ 

ʩʪʘʥʠ ʩʠʩʪʝʤʠ, ʷʢʽ ʥʝ ʟʘʣʝʞʘʪʴ ʚʽʜ ʧʨʦʩʪʦʨʦʚʠʭ ʢʦʦʨʜʠʥʘʪ x, y ʽ ʥʝ ʟʤʽʥʶʶʪʴʩʷ 

ʟ ʯʘʩʦʤ, ʪʦʤʫ ʜʣʷ ʥʠʭ ʚʠʢʦʥʫʶʪʴʩʷ ʫʤʦʚʠ: 

 ‬–

‬ὸ
πȟ
‬—

‬ὸ
πȟ 

ῳ– πȟῳ— πȢ 

 

(5) 

ʆʪʞʝ, ʧʦʪʨʽʙʥʦ ʧʨʠʨʽʚʥʷʪʠ ʧʨʘʚʽ ʯʘʩʪʠʥʠ ʩʠʩʪʝʤʠ ʜʦ ʥʫʣʷ: 

 Ὢ–ȟ— πȟ 

Ὣ–ȟ— πȢ 
(6) 

ɼʣʷ ʨʦʟʛʣʷʥʫʪʦʾ ʤʦʜʝʣʽ ʦʜʥʠʤ ʽʟ ʪʘʢʠʭ ʩʪʘʥʽʚ ʻ 

 ὖ –ȟ— πȟ‌ (7) 
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ʎʷ ʪʦʯʢʘ ʚʽʜʧʦʚʽʜʘʻ ʧʣʦʩʢʽʡ ʧʦʚʝʨʭʥʽ ʝʣʝʢʪʨʦʜʘ, ʦʩʢʽʣʴʢʠ – π, ʪʘ 
ʨʽʚʥʦʚʘʞʥʦʤʫ ʟʥʘʯʝʥʥʶ ʧʦʚʝʨʭʥʝʚʦʛʦ ʧʦʢʨʠʪʪʷ — ‌. ʉʘʤʝ ʪʦʤʫ ʩʪʘʥ (7) 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʷʢ ʧʦʯʘʪʢʦʚʠʡ ʦʜʥʦʨʽʜʥʠʡ ʩʪʘʥ, ʧʦʙʣʠʟʫ ʷʢʦʛʦ 

ʜʦʩʣʽʜʞʫʻʪʴʩʷ ʚʠʥʠʢʥʝʥʥʷ ʧʨʦʩʪʦʨʦʚʠʭ ʩʪʨʫʢʪʫʨ [1]. 

ʅʘʩʪʫʧʥʠʤ ʝʪʘʧʦʤ ʻ ʘʥʘʣʽʟ ʩʪʽʡʢʦʩʪʽ ʩʪʘʮʽʦʥʘʨʥʦʛʦ ʩʪʘʥʫ ὖ πȟ‌Ȣ 
ɼʣʷ ʮʴʦʛʦ ʩʠʩʪʝʤʫ ʧʦʪʨʽʙʥʦ ʣʽʥʝʘʨʠʟʫʚʘʪʠ ʫ ʮʽʡ ʪʦʯʮʽ ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ 

ʤʘʪʨʠʮʶ ʗʢʦʙʽ: 

 
ὐὖ

ὃ ρ ‌ ὄ

ὅὯ Ὧ Ὂ ‌ȟ‎ ὅὊ ‌ȟ‎
ȟ (8) 

ʜʝ 

 Ὂ ‌ȟ‎ ρ ‌ ρ ‎ ‌‎ȟὊ ‌ȟ‎

ς‌‎ρ ‌‎ ‎ ρ ‎

‌ρ ‌‎
Ȣ 

 

ʉʪʽʡʢʽʩʪʴ ʦʜʥʦʨʽʜʥʦʛʦ ʩʪʘʥʫ ʙʝʟ ʫʨʘʭʫʚʘʥʥʷ ʜʠʬʫʟʽʾ ʚʠʟʥʘʯʘʻʪʴʩʷ 

ʫʤʦʚʘʤʠ 

† ὸὶὐὖ πȟ‏ ὨὩὸ ὐὖ πȢ 

ɼʣʷ ʚʠʥʠʢʥʝʥʥʷ ʧʨʦʩʪʦʨʦʚʠʭ ʩʪʨʫʢʪʫʨ ʥʝʦʙʭʽʜʥʦ, ʱʦʙ ʩʪʘʥ ʙʫʚ 

ʩʪʽʡʢʠʤ ʙʝʟ ʜʠʬʫʟʽʾ, ʘʣʝ ʚʪʨʘʯʘʚ ʩʪʽʡʢʽʩʪʴ ʧʨʠ ʚʨʘʭʫʚʘʥʥʽ ʧʨʦʩʪʦʨʦʚʠʭ 

ʟʙʫʨʝʥʴ. ʎʝ ʚʽʜʧʦʚʽʜʘʻ ʥʝʩʪʽʡʢʦʩʪʽ ʊʶʨʽʥʛʘ, ʫʤʦʚʠ ʷʢʦʾ ʤʘʶʪʴ ʚʠʛʣʷʜ: 

 
ὐ ὐ

πȟὐὐ ὐὐ

πȟὨὐ ὐ πȟ 
(9) 

ʆʪʞʝ, ʷʢʱʦ ʧʘʨʘʤʝʪʨʠ ʤʦʜʝʣʽ ʟʘʜʦʚʦʣʴʥʷʶʪʴ ʮʽ ʫʤʦʚʠ, ʤʘʣʽ ʟʙʫʨʝʥʥʷ 

ʩʪʘʥʫ ὖ πȟ‌ʤʦʞʫʪʴ ʟ ʯʘʩʦʤ ʬʦʨʤʫʚʘʪʠ ʩʪʘʮʽʦʥʘʨʥʽ ʧʨʦʩʪʦʨʦʚʽ ʩʪʨʫʢʪʫʨʠ. 

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ɼʣʷ ʯʠʩʝʣʴʥʦʛʦ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʩʠʩʪʝʤʠ ʚʠʢʦʨʠʩʪʘʥʦ Python ʪʘ IMEX-

ʩʭʝʤʫ: ʜʠʬʫʟʽʡʥʽ ʯʣʝʥʠ ʦʙʯʠʩʣʶʚʘʣʠʩʷ ʥʝʷʚʥʦ, ʘ ʥʝʣʽʥʽʡʥʽ ʨʝʘʢʮʽʡʥʽ ʯʣʝʥʠ 

ʷʚʥʦ [3].  

ʈʦʟʨʘʭʫʥʦʢ ʧʨʦʚʦʜʠʚʩʷ ʚ ʦʙʣʘʩʪʽ ♦ ȟ ȟ  ʥʘ ʩʽʪʮʽ ╝●
╝◐ Ȣ ɺʠʢʦʨʠʩʪʘʥʦ ʪʘʢʽ ʧʘʨʘʤʝʪʨʠ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʯʠʩʝʣʴʥʠʭ 

ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʥʘʚʝʜʝʥʠʭ ʫ [1]: 

‌ πȢυȟ‎ πȢςȟὯ ςȢυȟὯ ρȢυȟ‐ πȢπρȟὃ ρπȟὃ σπȟὨ ςπȟὄ

σπȟὅ σȢ 

ʇʘʨʘʤʝʪʨ Ὀʦʙʯʠʩʣʝʥʦ ʟʘ ʬʦʨʤʫʣʦʶ (4), Ὀ ςȢτυτυȢ 
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ʇʦʯʘʪʢʦʚʽ ʫʤʦʚʠ ʟʘʜʘʚʘʣʠʩʷ ʷʢ ʤʘʣʽ ʚʠʧʘʜʢʦʚʽ ʟʙʫʨʝʥʥʷ 

ʩʪʘʮʽʦʥʘʨʥʦʛʦ ʩʪʘʥʫ (7): 

– ὼȟώ ‐ὶὼȟώȟ 

— ὼȟώ ‌ ‐ὶὼȟώȟ 

ʜʝὶȟὶ  ʚʠʧʘʜʢʦʚʽ ʟʙʫʨʝʥʥʷ. 

ʇʨʠ Ὕ ρʩʪʨʫʢʪʫʨʘ ʱʝ ʥʝ ʻ ʩʬʦʨʤʦʚʘʥʦʶ: ʩʧʦʩʪʝʨʽʛʘʶʪʴʩʷ ʣʠʰʝ 

ʧʦʯʘʪʢʦʚʽ ʧʨʦʩʪʦʨʦʚʽ ʥʝʦʜʥʦʨʽʜʥʦʩʪʽ ʤʦʨʬʦʣʦʛʽʾ (ʈʠʩ. 1). 

ʇʨʠ Ὕ σπʫʞʝ ʬʦʨʤʫʻʪʴʩʷ ʚʠʨʘʞʝʥʘ ʧʨʦʩʪʦʨʦʚʘ ʩʪʨʫʢʪʫʨʘ. 

ʇʦʨʽʚʥʷʥʦ ʟ Ὕ ρ, ʘʤʧʣʽʪʫʜʘ – ʟʨʦʩʪʘʻ, ʘ ʨʦʟʧʦʜʽʣ ʩʪʘʻ ʙʽʣʴʰ ʚʧʦʨʷʜʢʦʚʘʥʠʤ. 

ʎʝ ʩʚʽʜʯʠʪʴ ʧʨʦ ʨʦʟʚʠʪʦʢ ʩʪʨʫʢʪʫʨʠ ʊʶʨʽʥʛʘ. ʍʽʤʽʯʥʘ ʟʤʽʥʥʘ —ὼȟώȟὝʪʘʢʦʞ 

ʥʘʙʫʚʘʻ ʧʨʦʩʪʦʨʦʚʦ ʥʝʦʜʥʦʨʽʜʥʦʛʦ ʚʠʛʣʷʜʫ, ʘʣʝ ʟʘʣʠʰʘʻʪʴʩʷ ʙʣʠʟʴʢʦʶ ʜʦ 

ʨʽʚʥʦʚʘʞʥʦʛʦ ʟʥʘʯʝʥʥʷ ‌ πȢυ (ʈʠʩ. 2) 

 
ʈʠʩ. 1. ʇʨʦʩʪʦʨʦʚʠʡ ʨʦʟʧʦʜʽʣ ʧʨʠ Ὕ ρ. 

 

ʈʠʩ. 2. ʇʨʦʩʪʦʨʦʚʠʡ ʨʦʟʧʦʜʽʣ ʧʨʠ Ὕ σπ. 
ɼʣʷ ʘʥʘʣʽʟʫ ʜʠʥʘʤʽʢʠ ʩʠʩʪʝʤʠ ʧʨʠ Ὕ σπ ʧʦʙʫʜʦʚʘʥʦ ʛʨʘʬʽʢ 

ʩʝʨʝʜʥʴʦʛʦ ʟʥʘʯʝʥʥʷ ʤʦʨʬʦʣʦʛʽʾ ἂ–ὸἃ. ɺʽʥ ʧʦʢʘʟʫʻ, ʱʦ ʧʽʩʣʷ ʢʦʨʦʪʢʦʛʦ 

ʧʝʨʝʭʽʜʥʦʛʦ ʧʨʦʮʝʩʫ ʩʝʨʝʜʥʻ ʟʥʘʯʝʥʥʷ ʤʘʡʞʝ ʥʝ ʟʤʽʥʶʻʪʴʩʷ, ʪʦʙʪʦ ʩʠʩʪʝʤʘ 

ʥʘʙʣʠʞʘʻʪʴʩʷ ʜʦ ʩʪʘʮʽʦʥʘʨʥʦʛʦ ʩʪʘʥʫ. ʊʘʢʦʞ ʧʦʙʫʜʦʚʘʥʦ ʛʨʘʬʽʢ ʥʦʨʤʠ 

–᷆ – Ȣ᷆ ɿʘʛʘʣʴʥʘ ʪʝʥʜʝʥʮʽʷ ʜʦ ʟʤʝʥʰʝʥʥʷ ʥʦʨʤʠ, ʥʝʟʚʘʞʘʶʯʠ ʥʘ ʦʢʨʝʤʽ 

ʧʝʨʝʭʽʜʥʽ ʢʦʣʠʚʘʥʥʷ, ʩʚʽʜʯʠʪʴ ʧʨʦ ʧʦʩʪʫʧʦʚʝ ʥʘʙʣʠʞʝʥʥʷ ʨʦʟʚôʷʟʢʫ ʜʦ 

ʩʪʘʮʽʦʥʘʨʥʦʛʦ ʨʝʞʠʤʫ. 
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ʈʠʩ. 3. ɿʤʽʥʘ ἂ–ὸἃ ʪʘ –᷆ – .᷆ 

ʆʪʞʝ, ʯʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ ʧʦʢʘʟʘʣʠ, ʱʦ ʜʣʷ ʚʠʙʨʘʥʠʭ ʧʘʨʘʤʝʪʨʽʚ 

ʤʘʡʞʝ ʨʽʚʥʘ ʧʦʯʘʪʢʦʚʘ ʧʦʚʝʨʭʥʷ ʟ ʤʘʣʠʤʠ ʚʠʧʘʜʢʦʚʠʤʠ ʚʽʜʭʠʣʝʥʥʷʤʠ ʟ ʯʘʩʦʤ 

ʧʝʨʝʭʦʜʠʪʴ ʫ ʩʪʽʡʢʫ ʥʝʦʜʥʦʨʽʜʥʫ ʩʪʨʫʢʪʫʨʫ. ʊʘʢʠʡ ʨʝʟʫʣʴʪʘʪ ʭʘʨʘʢʪʝʨʥʠʡ ʜʣʷ 

ʧʨʦʷʚʫ ʥʝʩʪʽʡʢʦʩʪʽ ʊʶʨʽʥʛʘ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 
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2. Bozzini B. Spatio-temporal organization in alloy electrodeposition: a 
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Bozzini, D. Lacitignola, I. Sgura // Journal of Solid State Electrochemistry. ï 
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3. Ashi H. A. Solving Stiff Reaction-Diffusion Equations Using Exponential Time 

Differences Methods / H. A. Ashi // American Journal of Computational 
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ʙʝʟʧʦʩʝʨʝʜʥʴʦ ʚʧʣʠʚʘʻ ʥʘ ʙʝʟʧʝʢʫ ʜʦʨʦʞʥʴʦʛʦ ʨʫʭʫ, ʪʦʤʫ ʚʠʤʦʛʠ ʜʦ ʪʦʯʥʦʩʪʽ 

ʪʘ ʩʪʽʡʢʦʩʪʽ ʘʣʛʦʨʠʪʤʽʚ ʻ ʦʩʦʙʣʠʚʦ ʚʠʩʦʢʠʤʠ. ɿ ʨʦʟʚʠʪʢʦʤ ʛʣʠʙʦʢʦʛʦ ʥʘʚʯʘʥʥʷ 

ʜʚʘ ʦʩʥʦʚʥʠʭ ʧʽʜʭʦʜʠ - ʟʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (CNN) ʪʘ ʘʨʭʽʪʝʢʪʫʨʠ ʥʘ 

ʦʩʥʦʚʽ ʤʝʭʘʥʽʟʤʫ ʩʘʤʦʫʚʘʛʠ (Vision Transformer, ViT) - ʜʝʤʦʥʩʪʨʫʶʪʴ 

ʢʦʥʢʫʨʝʥʪʥʽ ʨʝʟʫʣʴʪʘʪʠ, ʦʜʥʘʢ ʩʠʩʪʝʤʘʪʠʯʥʝ ʧʦʨʽʚʥʷʥʥʷ ʮʠʭ ʧʽʜʭʦʜʽʚ ʫ ʨʽʚʥʠʭ 

ʫʤʦʚʘʭ ʟʘʣʠʰʘʻʪʴʩʷ ʘʢʪʫʘʣʴʥʠʤ ʟʘʚʜʘʥʥʷʤ. 

ʋ ʨʦʙʦʪʽ ʨʝʘʣʽʟʦʚʘʥʦ ʪʘ ʜʦʩʣʽʜʞʝʥʦ ʯʦʪʠʨʠ ʘʨʭʽʪʝʢʪʫʨʠ: BaselineCNN 

(ʢʦʤʧʘʢʪʥʘ ʤʝʨʝʞʘ, ʥʘʚʯʝʥʘ ʟ ʥʫʣʷ), ResNet50 ʪʘ EfficientNet-B0 (ʧʦʧʝʨʝʜʥʴʦ 

ʥʘʚʯʝʥʽ CNN ʟ transfer learning) ʪʘ Vision Transformer ViT-B/16 (ʧʦʧʝʨʝʜʥʴʦ 

ʥʘʚʯʝʥʠʡ ʥʘ ImageNet-21k). ʋʩʽ ʤʦʜʝʣʽ ʥʘʚʯʘʣʠʩʷ ʚ ʦʜʥʘʢʦʚʠʭ ʫʤʦʚʘʭ ʥʘ 

ʜʘʪʘʩʝʪʽ German Traffic Sign Recognition Benchmark (GTSRB), ʱʦ ʤʽʩʪʠʪʴ 

ʧʦʥʘʜ 50 000 ʟʦʙʨʘʞʝʥʴ 43 ʢʣʘʩʽʚ ʜʦʨʦʞʥʽʭ ʟʥʘʢʽʚ ʫ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʫʤʦʚʘʭ 

ʟʡʦʤʢʠ - ʨʽʟʥʝ ʦʩʚʽʪʣʝʥʥʷ, ʨʘʢʫʨʩʠ, ʯʘʩʪʢʦʚʽ ʧʝʨʝʢʨʠʪʪʷ ʪʘ ʘʪʤʦʩʬʝʨʥʽ ʝʬʝʢʪʠ. 

ɺʠʙʽʨ ʜʘʪʘʩʝʪʫ GTSRB ʟʫʤʦʚʣʝʥʠʡ ʡʦʛʦ ʰʠʨʦʢʠʤ ʟʘʩʪʦʩʫʚʘʥʥʷʤ ʫ 

ʜʦʩʣʽʜʥʠʮʴʢʽʡ ʩʧʽʣʴʥʦʪʽ ʪʘ ʥʘʷʚʥʽʩʪʶ ʯʽʪʢʦʛʦ ʧʨʦʪʦʢʦʣʫ ʦʮʽʥʶʚʘʥʥʷ. 

ʄʝʪʦʜʦʣʦʛʽʷ ʜʦʩʣʽʜʞʝʥʥʷ 

ɼʘʪʘʩʝʪ GTSRB ʨʦʟʧʦʜʽʣʷʚʩʷ ʥʘ ʥʘʚʯʘʣʴʥʫ (80%) ʪʘ ʚʘʣʽʜʘʮʽʡʥʫ (20%) 

ʚʠʙʽʨʢʠ; ʪʝʩʪʦʚʘ ʚʠʙʽʨʢʘ (~12 000 ʟʦʙʨʘʞʝʥʴ) - ʦʨʠʛʽʥʘʣʴʥʘ. ɼʣʷ ʥʘʚʯʘʥʥʷ 

ʟʘʩʪʦʩʦʚʘʥʦ ʦʧʪʠʤʽʟʘʪʦʨ Adam ʽʟ ʧʦʯʘʪʢʦʚʦʶ ʰʚʠʜʢʽʩʪʶ ʥʘʚʯʘʥʥʷ lr = 10 , 

ʬʫʥʢʮʽʶ ʚʪʨʘʪ ʢʨʦʩʝʥʪʨʦʧʽʾ, ʨʦʟʤʽʨ ʙʘʪʯʘ 32, ʤʝʭʘʥʽʟʤ ʨʘʥʥʴʦʾ ʟʫʧʠʥʢʠ 

(patience = 5 ʝʧʦʭ). ɿʦʙʨʘʞʝʥʥʷ ʤʘʩʰʪʘʙʫʚʘʣʠʩʷ ʜʦ 224Ĭ224 ʧʽʢʩʝʣʽʚ. ɼʣʷ 

ʧʦʧʝʨʝʜʥʴʦ ʥʘʚʯʝʥʠʭ ʤʦʜʝʣʝʡ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʦʩʷ ʪʦʥʢʝ ʥʘʩʪʨʦʶʚʘʥʥʷ (fine-

tuning) ʫʩʽʭ ʧʘʨʘʤʝʪʨʽʚ, ʘ ʥʝ ʣʠʰʝ ʢʣʘʩʠʬʽʢʘʮʽʡʥʦʾ ʛʦʣʦʚʢʠ. 

ʂʣʶʯʦʚʦʶ ʤʘʪʝʤʘʪʠʯʥʦʶ ʦʧʝʨʘʮʽʻʶ CNN ʻ ʜʠʩʢʨʝʪʥʘ ʟʛʦʨʪʢʘ, ʷʢʘ 

ʜʦʟʚʦʣʷʻ ʚʠʷʚʣʷʪʠ ʣʦʢʘʣʴʥʽ ʧʨʦʩʪʦʨʦʚʽ ʦʟʥʘʢʠ (ʢʨʘʾ, ʪʝʢʩʪʫʨʠ, ʬʦʨʤʠ) 

ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʾʭʥʴʦʛʦ ʧʦʣʦʞʝʥʥʷ ʫ ʟʦʙʨʘʞʝʥʥʽ: 

Ὅ ὑ ὼȟώ   Όὼ Ὥȟώ Ὦ ὑὭȟὮ (1) 

ʜʝ I - ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ, K - ʷʜʨʦ ʟʛʦʨʪʢʠ, i, j - ʽʥʜʝʢʩʠ, ʱʦ ʧʨʦʙʽʛʘʶʪʴ ʦʙʣʘʩʪʴ 

ʷʜʨʘ. 

ʄʝʭʘʥʽʟʤ ʩʘʤʦʫʚʘʛʠ Vision Transformer ʦʙʯʠʩʣʶʻ ʢʦʥʪʝʢʩʪʥʝ 

ʧʨʝʜʩʪʘʚʣʝʥʥʷ ʢʦʞʥʦʛʦ ʧʘʪʯʘ ʟʦʙʨʘʞʝʥʥʷ ʯʝʨʝʟ ʟʚʘʞʝʥʫ ʩʫʤʫ ʚʩʽʭ ʽʥʰʠʭ 

ʧʘʪʯʽʚ, ʜʝ ʚʘʛʠ ʚʠʟʥʘʯʘʶʪʴʩʷ ʧʦʧʘʨʥʦʶ ʧʦʜʽʙʥʽʩʪʶ: 

ὃὸὸὩὲὸὭέὲὗȟὑȟὠ ίέὪὸάὥὼὗȟὑ Ὠ ὠ (2) 

ʜʝ Q, ὑ, V - ʤʘʪʨʠʮʽ ʟʘʧʠʪʽʚ, ʢʣʶʯʽʚ ʽ ʟʥʘʯʝʥʴ, d - ʨʦʟʤʽʨʥʽʩʪʴ ʢʣʶʯʽʚ 

(ʤʘʩʰʪʘʙʫʚʘʣʴʥʠʡ ʤʥʦʞʥʠʢ ʟʘʧʦʙʽʛʘʻ ʟʥʠʢʥʝʥʥʶ ʛʨʘʜʽʻʥʪʽʚ ʧʨʠ ʚʝʣʠʢʠʭ 

ʟʥʘʯʝʥʥʷʭ ʩʢʘʣʷʨʥʦʛʦ ʜʦʙʫʪʢʫ). 
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ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʽ ʨʝʟʫʣʴʪʘʪʠ 

ʅʘ ʨʠʩʫʥʢʫ 1 ʧʨʝʜʩʪʘʚʣʝʥʦ ʜʠʥʘʤʽʢʫ ʥʘʚʯʘʥʥʷ ʜʦʩʣʽʜʞʫʚʘʥʠʭ ʤʦʜʝʣʝʡ, 

ʟʦʢʨʝʤʘ ʟʤʽʥʫ ʪʦʯʥʦʩʪʽ ʥʘ ʥʘʚʯʘʣʴʥʽʡ ʪʘ ʚʘʣʽʜʘʮʽʡʥʽʡ ʚʠʙʽʨʢʘʭ ʟʘʣʝʞʥʦ ʚʽʜ 

ʢʽʣʴʢʦʩʪʽ ʝʧʦʭ. ɻʨʘʬʽʢʠ ʜʦʟʚʦʣʷʶʪʴ ʧʨʦʘʥʘʣʽʟʫʚʘʪʠ ʰʚʠʜʢʽʩʪʴ ʟʙʽʞʥʦʩʪʽ 

ʤʦʜʝʣʝʡ, ʾʭʥʶ ʩʪʘʙʽʣʴʥʽʩʪʴ ʧʽʜ ʯʘʩ ʥʘʚʯʘʥʥʷ ʪʘ ʟʜʘʪʥʽʩʪʴ ʜʦ ʫʟʘʛʘʣʴʥʝʥʥʷ. 

ɿʦʢʨʝʤʘ, ʜʣʷ Vision Transformer ʩʧʦʩʪʝʨʽʛʘʻʪʴʩʷ ʙʽʣʴʰ ʩʪʘʙʽʣʴʥʘ ʧʦʚʝʜʽʥʢʘ ʥʘ 

ʚʘʣʽʜʘʮʽʡʥʽʡ ʚʠʙʽʨʮʽ, ʪʦʜʽ ʷʢ BaselineCNN ʜʝʤʦʥʩʪʨʫʻ ʦʟʥʘʢʠ ʧʝʨʝʥʘʚʯʘʥʥʷ, 

ʱʦ ʧʨʦʷʚʣʷʻʪʴʩʷ ʫ ʟʨʦʩʪʘʥʥʽ ʨʦʟʨʠʚʫ ʤʽʞ ʥʘʚʯʘʣʴʥʦʶ ʪʘ ʚʘʣʽʜʘʮʽʡʥʦʶ 

ʪʦʯʥʽʩʪʶ. 

ʈʠʩ. 1. ɼʠʥʘʤiʢʘ ʥʘʚʯʘʥʥʷ ʤʦʜʝʣʝʡ 

ʇʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ ʧʦʢʘʟʘʚ ʩʫʪʪʻʚʫ ʧʝʨʝʚʘʛʫ ʘʨʭʽʪʝʢʪʫʨʠ Vision 

Transformer ʥʘ ʪʝʩʪʦʚʽʡ ʚʠʙʽʨʮʽ (ʪʘʙʣ. 1). ʆʩʦʙʣʠʚʦ ʧʦʢʘʟʦʚʠʤ ʻ ʨʦʟʨʠʚ ʤʽʞ 

ʚʘʣʽʜʘʮʽʡʥʦʶ ʪʘ ʪʝʩʪʦʚʦʶ ʪʦʯʥʽʩʪʶ: ʜʣʷ ViT ʚʽʥ ʩʪʘʥʦʚʠʪʴ ʤʝʥʰʝ 10%, ʪʦʜʽ ʷʢ 

ʜʣʷ BaselineCNN - ʧʦʥʘʜ 28%, ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʧʨʠʩʫʪʥʽʩʪʴ ʫ ʜʘʪʘʩʝʪʽ GTSRB 

ʟʤʽʱʝʥʥʷ ʨʦʟʧʦʜʽʣʫ ʤʽʞ ʥʘʚʯʘʣʴʥʠʤʠ ʪʘ ʪʝʩʪʦʚʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ. 

ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʨʝʟʫʣʴʪʘʪʽʚ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦʨʦʞʥʽʭ ʟʥʘʢʽʚ ʥʘ ʪʝʩʪʦʚʽʡ ʚʠʙʽʨʮʽ 

GTSRB 

ɸʨʭʽʪʝʢʪʫʨʘ Accuracy Precision Recall F1-score 

BaselineCNN 0.7302 0.7326 0.6447 0.6343 

ResNet50 0.8841 0.8424 0.8433 0.8343 

EfficientNet-B0 0.8415 0.8122 0.7826 0.7814 

Vision Transformer 0.8918 0.8636 0.8175 0.8275 

ɺʠʩʦʢʘ ʪʦʯʥʽʩʪʴ ViT (89.18%) ʟʫʤʦʚʣʝʥʘ ʤʝʭʘʥʽʟʤʦʤ ʛʣʦʙʘʣʴʥʦʾ 

ʩʘʤʦʫʚʘʛʠ (ʬʦʨʤʫʣʘ 2), ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʤʦʜʝʣʽ ʬʦʢʫʩʫʚʘʪʠʩʷ ʥʘ ʚʩʽʡ ʩʪʨʫʢʪʫʨʽ 
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ʜʦʨʦʞʥʴʦʛʦ ʟʥʘʢʘ ʥʝʟʘʣʝʞʥʦ ʚʽʜ ʧʦʟʠʮʽʾ ʚʘʞʣʠʚʠʭ ʦʟʥʘʢ ʫ ʟʦʙʨʘʞʝʥʥʽ ï 

ʧʝʨʝʚʘʛʘ, ʦʩʦʙʣʠʚʦ ʚʠʨʘʞʝʥʘ ʚ ʫʤʦʚʘʭ ʚʘʨʽʘʪʠʚʥʦʛʦ ʦʩʚʽʪʣʝʥʥʷ ʪʘ ʨʘʢʫʨʩʽʚ 

ʪʝʩʪʦʚʠʭ ʟʦʙʨʘʞʝʥʴ. ResNet50 (88.41%) ʜʝʤʦʥʩʪʨʫʻ ʢʦʥʢʫʨʝʥʪʥʠʡ ʨʝʟʫʣʴʪʘʪ 

ʟʘʚʜʷʢʠ ʝʬʝʢʪʠʚʥʦʤʫ ʚʠʢʦʨʠʩʪʘʥʥʶ ʧʦʧʝʨʝʜʥʴʦ ʥʘʚʯʝʥʠʭ ʚʘʛ ʪʘ ʟʘʣʠʰʢʦʚʠʭ 

ʟ'ʻʜʥʘʥʴ, ʱʦ ʧʦʣʝʛʰʫʶʪʴ ʥʘʚʯʘʥʥʷ ʛʣʠʙʦʢʠʭ ʤʝʨʝʞ. EfficientNet-B0 (84.15%) 

ʚʠʷʚʠʣʘʩʷ ʥʘʡʙʽʣʴʰ ʦʧʪʠʤʘʣʴʥʦʶ ʟ ʪʦʯʢʠ ʟʦʨʫ ʙʘʣʘʥʩʫ ʤʽʞ ʪʦʯʥʽʩʪʶ ʪʘ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʩʢʣʘʜʥʽʩʪʶ, ʱʦ ʨʦʙʠʪʴ ʾʾ ʧʨʠʚʘʙʣʠʚʦʶ ʜʣʷ ʨʦʟʛʦʨʪʘʥʥʷ ʥʘ 

ʧʝʨʠʬʝʨʽʡʥʠʭ ʧʨʠʩʪʨʦʷʭ. BaselineCNN (73.02%) ʧʽʜʪʚʝʨʜʠʣʘ ʥʝʜʦʩʪʘʪʥʽʩʪʴ 

ʥʘʚʯʘʥʥʷ ʟ ʥʫʣʷ ʜʣʷ ʩʢʣʘʜʥʦʾ ʙʘʛʘʪʦʢʣʘʩʦʚʦʾ ʟʘʜʘʯʽ ʙʝʟ ʟʘʣʫʯʝʥʥʷ ʧʦʧʝʨʝʜʥʴʦ 

ʥʘʚʯʝʥʠʭ ʚʘʛ. 

ɺʠʩʥʦʚʢʠ 

ʇʨʦʚʝʜʝʥʝ ʜʦʩʣʽʜʞʝʥʥʷ ʧʦʢʘʟʘʣʦ, ʱʦ ʘʨʭʽʪʝʢʪʫʨʘ Vision Transformer 

ʟʘʙʝʟʧʝʯʫʻ ʥʘʡʚʠʱʫ ʟʜʘʪʥʽʩʪʴ ʜʦ ʫʟʘʛʘʣʴʥʝʥʥʷ ʚ ʫʤʦʚʘʭ ʟʤʽʱʝʥʥʷ ʨʦʟʧʦʜʽʣʫ 

ʜʘʥʠʭ, ʧʝʨʝʚʝʨʰʫʶʯʠ CNN-ʤʦʜʝʣʽ ʟʘ ʤʝʪʨʠʢʘʤʠ ʪʦʯʥʦʩʪʽ ʪʘ F1. ɼʣʷ 

ʨʝʩʫʨʩʦʦʙʤʝʞʝʥʠʭ ʧʝʨʠʬʝʨʽʡʥʠʭ ʧʨʠʩʪʨʦʾʚ ʦʧʪʠʤʘʣʴʥʠʤ ʚʠʙʦʨʦʤ 

ʟʘʣʠʰʘʻʪʴʩʷ EfficientNet-B0, ʷʢʘ ʧʦʻʜʥʫʻ ʧʨʠʡʥʷʪʥʫ ʪʦʯʥʽʩʪʴ ʽʟ ʥʠʟʴʢʦʶ 

ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʩʢʣʘʜʥʽʩʪʶ. ɿʘʩʪʦʩʫʚʘʥʥʷ transfer learning ʻ ʥʝʦʙʭʽʜʥʦʶ 

ʫʤʦʚʦʶ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʧʨʠʡʥʷʪʥʦʾ ʷʢʦʩʪʽ ʢʣʘʩʠʬʽʢʘʮʽʾ: ʙʘʟʦʚʘ CNN ʙʝʟ 

ʧʦʧʝʨʝʜʥʴʦʛʦ ʥʘʚʯʘʥʥʷ ʧʦʩʪʫʧʘʻʪʴʩʷ ʥʘʡʢʨʘʱʽʡ ʤʦʜʝʣʽ ʤʘʡʞʝ ʥʘ 17 

ʚʽʜʩʦʪʢʦʚʠʭ ʧʫʥʢʪʽʚ ʟʘ Accuracy. ʈʦʟʨʦʙʣʝʥʠʡ ʧʨʦʛʨʘʤʥʠʡ ʢʦʤʧʣʝʢʩ ʥʘ ʙʘʟʽ 

PyTorch ʤʦʞʝ ʙʫʪʠ ʽʥʪʝʛʨʦʚʘʥʠʡ ʫ ʩʠʩʪʝʤʠ ADAS ʘʙʦ ʘʚʪʦʥʦʤʥʽ ʪʨʘʥʩʧʦʨʪʥʽ 

ʟʘʩʦʙʠ. 

ʇʝʨʩʧʝʢʪʠʚʠ ʧʦʜʘʣʴʰʠʭ ʜʦʩʣʽʜʞʝʥʴ ʚʢʣʶʯʘʶʪʴ: ʛʽʙʨʠʜʥʽ CNN-

Transformer ʘʨʭʽʪʝʢʪʫʨʠ (ConvNeXt, EfficientFormer), ʱʦ ʧʦʻʜʥʫʶʪʴ ʧʝʨʝʚʘʛʠ 

ʣʦʢʘʣʴʥʦʾ ʪʘ ʛʣʦʙʘʣʴʥʦʾ ʫʚʘʛʠ; ʜʠʩʪʠʣʷʮʽʶ ʟʥʘʥʴ ʜʣʷ ʩʪʠʩʥʝʥʥʷ ViT ʧʽʜ edge-

ʧʨʠʩʪʨʦʾ; ʘʫʛʤʝʥʪʘʮʽʶ ʜʘʥʠʭ, ʦʨʽʻʥʪʦʚʘʥʫ ʥʘ ʫʩʫʥʝʥʥʷ distribution shift ʤʽʞ 

ʥʘʚʯʘʣʴʥʠʤʠ ʪʘ ʪʝʩʪʦʚʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Dosovitskiy A. et al. An Image is Worth 16x16 Words: Transformers for Image 

Recognition at Scale / A. Dosovitskiy ʪʘ ʽʥ. // arXiv:2010.11929. ï 2020. 

2. Stallkamp J. The German Traffic Sign Recognition Benchmark: A multi-class 

classification competition / J. Stallkamp, M. Schlipsing, J. Salmen, C. Igel // 

Neural Networks. ï 2012. 

3. Farzipour A. Traffic Sign Recognition Using Local Vision Transformer / A. 

Farzipour, O. N. Manzari, S. B. Shokouhi // arXiv:2311.06651. ï 2023.  
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ʈɽʂʆʅʉʊʈʋʂʎɯɰ ʈʆɿʈɯɿʋ 

ʉʦʬʽʷ ʉʝʥʽʚ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

sofiia.seniv.pmp@lnu.edu.ua 

ʌʦʨʤʫʣʶʚʘʥʥʷ ʟʘʜʘʯʽ 

ʅʝʭʘʡ ὈᶰὙï ʦʙʤʝʞʝʥʘ ʦʜʥʦʟʚôʷʟʥʘ ʦʙʣʘʩʪʴ ʟ ʤʝʞʝʶ ῲᶰὅ , ʜʝ ὴɴ

ὔ. ʋʩʝʨʝʜʠʥʽ ʦʙʣʘʩʪʽ Ὀ ʟʘʜʘʥʦ ʨʦʟʨʽʟ ῲᶰὅ , ʷʢʠʡ ʻ ʛʣʘʜʢʦʶ ʢʨʠʚʦʶ ʟ 

ʢʽʥʮʝʚʠʤʠ ʪʦʯʢʘʤʠ  ὼ ̓ὼ́ .  

ʇʨʷʤʘ ʟʘʜʘʯʘ ï ʟʘ ʚʽʜʦʤʠʤʠ ῲȟῲ ʪʘ Ὢᶰὅ ῲ  ʟʥʘʡʪʠ ʬʫʥʢʮʽʶ όᶰ

ὅ Ὀ ῲʌ ᷊ὅ Ὀ ῲʌ , ̫ ʢʘ ʟʘʜʦʚʦʣʴʥʷʻ ʨʽʚʥʷʥʥʷ ʃʘʧʣʘʩʘ  

ῳό π̃  Ὀ ῲʌ 

ʪʘ ʢʨʘʡʦʚʽ ʫʤʦʚʠ ɼʽʨʽʭʣʝ 

ό π̎ ́ ῲȟό Ὢ  ̎́  ῲȢ 

ʆʙʝʨʥʝʥʘ ʟʘʜʘʯʘ ï ʚʽʜʥʦʚʠʪʠ ʛʝʦʤʝʪʨʽʶ ʨʦʟʨʽʟʫ ῲ ʟʘ ʟʘʜʘʥʠʤʠ ῲȟὪ ʪʘ 

ʚʽʜʦʤʦʶ ʫʤʦʚʦʶ ʅʝʡʤʘʥʘ 

‬ό

‬’
Ὣ  ̎́  ῲȟ 

ʜʝ ’ ï ʦʜʠʥʠʯʥʠʡ ʚʝʢʪʦʨ ʟʦʚʥʽʰʥʴʦʾ ʥʦʨʤʘʣʽ ʜʦ ʤʝʞʽ ῲȢ 

ɿʚʝʜʝʥʥʷ ʜʦ ʩʠʩʪʝʤʠ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ 

ɼʣʷ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʦʙʝʨʥʝʥʦʾ ʟʘʜʘʯʽ ʧʦʜʘʤʦ ʬʫʥʢʮʽʶ ό, ʷʢ ʩʫʤʫ 

ʧʦʪʝʥʮʽʘʣʽʚ ʧʨʦʩʪʦʛʦ ʰʘʨʫ ʧʦ ʤʝʞʘʭ ῲ ʪʘ ῲ. ʊʦʜʽ ʟ ʚʨʘʭʫʚʘʥʥʷʤ 

ʥʝʧʝʨʝʨʚʥʦʩʪʽ ʧʦʪʝʥʮʽʘʣʫ ʽ ʥʘʷʚʥʦʩʪʽ ñʩʪʨʠʙʢʘò ʡʦʛʦ ʥʦʨʤʘʣʴʥʦʾ ʧʦʭʽʜʥʦʾ ʧʨʠ 

ʧʝʨʝʭʦʜʽ ʯʝʨʝʟ ʤʝʞʫ, ʘ ʪʘʢʦʞ ʢʨʘʡʦʚʠʭ ʫʤʦʚ, ʦʪʨʠʤʘʻʤʦ ʩʠʩʪʝʤʫ ʛʨʘʥʠʯʥʠʭ 

ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ 

Ὓ ‘ Ὓ ‘ π̎ ῲ́ȟ
Ὓ ‘ Ὓ ‘ Ὢ̎ ῲ́ȟ

 

ρ

ς
‘ Ὀ‘ Ὀ‘ Ὣ̎ῲ́Ȣ 

ɯʥʪʝʛʨʘʣʴʥʽ ʦʧʝʨʘʪʦʨʠ Ὓ  ʪʘ Ὀ ʚʠʟʥʘʯʝʥʽ ʥʘʩʪʫʧʥʠʤ ʯʠʥʦʤ: Ὓ‘ ὼ

᷿‘ώ ὼȟώὨίώȟὼɴ ῲȟ 

Ὀ‘ ὼ ‘ώ
‬ ὼȟώ

‬’ὼ
Ὠίώȟὼɴ ῲȢ 
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ʊʫʪ  ὼȟώ ὰὲ
ȿ ȿ

 ï ʬʫʥʜʘʤʝʥʪʘʣʴʥʠʡ ʨʦʟʚôʷʟʦʢ ʨʽʚʥʷʥʥʷ 

ʃʘʧʣʘʩʘ. ɻʫʩʪʠʥʫ ‘ ʟʘʜʘʻʤʦ, ʷʢ ‘ ὼ
ͯ

ȟὼɴ ῲᶺ

͵ὼ ȟὼ͵ȟ‘ͯᶰὅῲȟ ʱʦʙ ʢʦʨʝʢʪʥʦ ʦʧʠʩʘʪʠ ʦʩʦʙʣʠʚʽʩʪʴ ʛʫʩʪʠʥʠ ʥʘ ʢʽʥʮʷʭ 

ʪʘ ʟʙʝʨʝʛʪʠ ʽʥʪʝʛʨʦʚʥʽʩʪʴ (ʜʠʚ. [1], [2]).  

ʇʘʨʘʤʝʪʨʠʟʘʮʽʷ 

ɹʫʜʝʤʦ ʚʚʘʞʘʪʠ, ʱʦ ʤʝʞʽ ʦʙʣʘʩʪʽ ʤʘʶʪʴ ʧʘʨʘʤʝʪʨʠʯʥʝ ʧʦʜʘʥʥʷ. 

ῲ ὼ ὸ ὼ ὸȟὼ ȟὸɴ ρȟρȟȿὼ ὸ πȟ 

             ῲ ͵ὼ ὸ ὼ ὸȟὼ ὸȟὸɴ πȟς“ȟȿὼ ὸȿ π͵ ȟ 

ʜʝ ὼȡὙᴼ πȟЊ ς“-ʧʝʨʽʦʜʠʯʥʘ ʬʫʥʢʮʽʷ.  

ʈʝʟʫʣʴʪʘʪʠ ʧʘʨʘʤʝʪʨʠʟʘʮʽʾ ʧʨʝʜʩʪʘʚʠʤʦ ʚ ʦʧʝʨʘʪʦʨʥʽʡ ʬʦʨʤʽ 

Ὓͯ •ͯ ί
ρ

ς“
•ͯ „Ὄ ίȟ„Ὠ„ȟ 

Ὓͯ • ί
ρ

ς“
• †Ὄ ίȟ†Ὠ†ȟ 

Ὓͯ •ͯ ὸ
ρ

ς“
•ͯ „Ὄ ὸȟ„Ὠ„ȟ 

Ὓͯ • ὸ
ρ

ς“
• †Ὄ ὸȟ†Ὠ†ȟ 

Ὀͯ•ͯ ὸ
ρ

ς“
•ͯ „

ρ

ς
ὒͯ ὸȟ„Ὠ„ȟ 

Ὀͯ• ὸ
• ὸ

ς᷉ ὼᴂὸ᷉
ρ
ς“᷿ • †ὒ ὸȟ†Ὠ†ȟ

 

ʜʝ •ͯ „ ‘ͯ ὼͯ „ ȿὼͯ „ȿȟὼͯ „ ὼ ὧέί„ȟὰ πȟρȟ• †

‘ ὼ † ȿὼ †ȿ,  Ὄ ȟὒͯ ȟὒ ȟὰ ρȟςï ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʽ ʽʥʪʝʛʨʘʣʴʥʽ ʷʜʨʘ ʟ 

ʚʠʜʽʣʝʥʦʶ ʣʦʛʘʨʠʬʤʽʯʥʦʶ ʦʩʦʙʣʠʚʽʩʪʶ ʪʘ ʟʘʩʪʦʩʦʚʘʥʦʶ ʢʦʩʠʥʫʩ-

ʧʽʜʩʪʘʥʦʚʢʦʶ ʜʣʷ ʫʩʫʥʝʥʥʷ ʢʦʨʝʥʝʚʦʾ ʦʩʦʙʣʠʚʦʩʪʽ ʚ ʛʫʩʪʠʥʽ • . 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʤʘʻʤʦ ʩʠʩʪʝʤʫ ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʠʭ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ 

Ὓͯ •ͯ Ὓͯ • π̎ π́ȟς“ȟ

Ὓͯ •ͯ Ὓͯ • Ὢͯ   ̎ π́ȟς“ȟ
 

(

1) 

Ὀͯ•ͯ Ὀͯ• Ὣͯ̎́  πȟς“ȟ (

2) 

ʜʝ Ὢͯ ὸ Ὢ ὼ ὸ  ʪʘ Ὣͯ ὸ Ὣ ὼ ὸ .  
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ɯʪʝʨʘʮʽʡʥʠʡ ʘʣʛʦʨʠʪʤ ʜʣʷ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʩʠʩʪʝʤʠ 

ʊʘʢʠʤ ʯʠʥʦʤ ʦʙʝʨʥʝʥʘ ʟʘʜʘʯʘ ʟʚʦʜʠʪʴʩʷ ʜʦ ʩʠʩʪʝʤʠ ʟ ʪʨʴʦʭ ʨʽʚʥʷʥʴ, ʜʝ 

ʦʩʥʦʚʥʦʶ ʤʝʪʦʶ ʻ ʟʥʘʭʦʜʞʝʥʥʷ ʬʫʥʢʮʽʾ ὼͯ(t), ʷʢʘ ʚʠʟʥʘʯʘʻ ʨʦʟʨʽʟ. ɼʣʷ ʾʾ 

ʨʦʟʚôʷʟʫʚʘʥʥʷ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʽʪʝʨʘʮʽʡʥʠʡ ʤʝʪʦʜ ʅʴʶʪʦʥʘ. ɿʘʧʨʦʧʦʥʦʚʘʥʠʡ 

ʧʽʜʭʽʜ ʙʘʟʫʻʪʴʩʷ ʥʘ ʟʜʽʡʩʥʝʥʥʽ ʧʦʚʥʦʾ ʣʽʥʝʘʨʠʟʘʮʽʾ ʟʘ ʩʫʢʫʧʥʽʩʪʶ ʟʤʽʥʥʠʭ 

(ʦʜʥʦʯʘʩʥʦ ʚʽʜʥʦʩʥʦ ʟʤʽʥʠ ʧʘʨʘʤʝʪʨʠʟʘʮʽʾ ʨʦʟʨʽʟʫ ʪʘ ʛʫʩʪʠʥʠ ʧʦʪʝʥʮʽʘʣʫ).  

ʇʦʢʨʦʢʦʚʠʡ ʦʧʠʩ ʘʣʛʦʨʠʪʤʫ: 

1. ɿʘʜʘʻʤʦ ʧʦʯʘʪʢʦʚʝ ʟʥʘʯʝʥʥʷ ὼͯ. 

2. ʈʦʟʚ'ʷʟʫʻʤʦ ʢʦʨʝʢʪʥʫ ʩʠʩʪʝʤʫ ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʠʭ 

ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ (1) ʽ ʟʥʘʭʦʜʠʤʦ ʛʫʩʪʠʥʠ •ͯ  ʪʘ • . 

3. ɼʣʷ ʟʥʘʡʜʝʥʠʭὼͯ, •ͯ  ʪʘ •  ʨʦʟʚ'ʷʟʫʻʤʦ ʣʽʥʝʘʨʠʟʦʚʘʥʫ ʩʠʩʪʝʤʫ 

ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ 

 

4. ʆʥʦʚʣʶʻʤʦ ʟʥʘʯʝʥʥʷ ʬʫʥʢʮʽʾ ὼͯ = ὼͯ ‖‎ ʪʘ ʛʫʩʪʠʥ •ͯ

•ͯ ‰ȟ• • ‰ , ʜʝ ‖ ï ʧʘʨʘʤʝʪʨ ʟʘʪʫʭʘʥʥʷ. 

5. ʇʦʚʪʦʨʶʻʤʦ ʢʨʦʢʠ 3-4 ʜʦ ʚʠʢʦʥʘʥʥʷ ʫʤʦʚʠ ʟʫʧʠʥʢʠ 

ȿ‎ȿ
ȟ

ȿὼͯȿ
ȟ

‭ȟ 

̅ ̆‭ ̨̘̝̈́̅́̎́̓̏̎̒̓Ȣ 

ɼʣʷ ʚʽʜʥʦʚʣʝʥʥʷ ʛʝʦʤʝʪʨʽʾ ʨʦʟʨʽʟʫ, ʧʘʨʘʤʝʪʨʠʟʦʚʘʥʦʛʦ ʥʘ ʽʥʪʝʨʚʘʣʽ [-

1,1], ʧʦʧʨʘʚʢʫ ‎ ʜʦʮʽʣʴʥʦ ʘʧʨʦʢʩʠʤʫʚʘʪʠ ʟʘ ʙʘʟʠʩʦʤ ʧʦʣʽʥʦʤʽʚ ʏʝʙʠʰʝʚʘ 

ʧʝʨʰʦʛʦ ʨʦʜʫ Ὕ. ʎʝ ʟʘʙʝʟʧʝʯʫʻ ʦʧʪʠʤʘʣʴʥʫ ʟʙʽʞʥʽʩʪʴ ʟʘʚʜʷʢʠ ʾʭʥʽʡ 

ʦʨʪʦʛʦʥʘʣʴʥʦʩʪʽ ʟ ʚʘʛʦʶ  (ʜʠʚ. [1, 2]) 

‎ὸ ‎Ὕὸȟ‎ᶰὙȢ 

ɿʘʚʜʷʢʠ ʟʘʤʽʥʽ ὸ ὧέίί ʪʘ ʚʣʘʩʪʠʚʦʩʪʽ ὝὧέίίὧέίὮίȟ  ʤʘʻʤʦ: 
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‎ί ‎ὧέίὮίȟίɴ πȟ“Ȣ 

ɼʠʩʢʨʝʪʠʟʘʮʽʷ 

ɼʣʷ ʜʠʩʢʨʝʪʠʟʘʮʽʾ ʩʠʩʪʝʤʠ (1) ʪʘ ʣʽʥʝʘʨʠʟʦʚʘʥʦʾ ʩʠʩʪʝʤʠ, ʦʪʨʠʤʘʥʦʾ ʥʘ 

3 ʢʨʦʮʽ ʘʣʛʦʨʠʪʤʫ, ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʝʪʦʜ ʢʚʘʜʨʘʪʫʨ. ɼʣʷ ʽʥʪʝʛʨʘʣʽʚ ʽʟ 

ʣʦʛʘʨʠʬʤʽʯʥʦʶ ʦʩʦʙʣʠʚʽʩʪʶ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʪʨʠʛʦʥʦʤʝʪʨʠʯʥʘ ʢʚʘʜʨʘʪʫʨʥʘ 

ʬʦʨʤʫʣʘ, ʘ ʜʣʷ ʽʥʪʝʛʨʘʣʽʚ ʙʝʟ ʦʩʦʙʣʠʚʦʩʪʝʡ - ʢʣʘʩʠʯʥʘ ʢʚʘʜʨʘʪʫʨʥʘ ʬʦʨʤʫʣʘ 

ʪʨʘʧʝʮʽʡ (ʜʠʚ. [3]). 

ɺ ʨʝʟʫʣʴʪʘʪʽ ʨʦʟʚôʷʟʫʚʘʥʥʷ ʣʽʥʝʘʨʠʟʦʚʘʥʦʾ ʩʠʩʪʝʤʠ ʦʪʨʠʤʫʻʤʦ ʩʠʩʪʝʤʫ 

ʣʽʥʽʡʥʠʭ ʨʽʚʥʷʥʴ, ʷʢʘ ʚ ʟʘʛʘʣʴʥʦʤʫ ʤʘʻ ʚʠʛʣʷʜ 

 

ʘʙʦ ʚ ʢʦʤʧʘʢʪʥʽʰʽʡ ʬʦʨʤʽ ὃὼ ὄ. 

ʈʝʛʫʣʷʨʠʟʘʮʽʷ ʌʽʣʽʧʩʘ-ʊʽʭʦʥʦʚʘ 

ʇʨʦʙʣʝʤʘ ʚʽʜʥʦʚʣʝʥʥʷ ʛʝʦʤʝʪʨʽʾ ʨʦʟʨʽʟʫ ʥʘʣʝʞʠʪʴ ʜʦ ʢʣʘʩʫ 

ʥʝʢʦʨʝʢʪʥʠʭ ʟʘʜʘʯ, ʦʩʢʽʣʴʢʠ ʚʦʥʘ ʻ ʥʘʜʯʫʪʣʠʚʦʶ ʜʦ ʤʘʣʠʭ ʟʙʫʨʝʥʴ ʫ ʚʭʽʜʥʠʭ 

ʜʘʥʠʭ. ɼʣʷ ʧʦʜʦʣʘʥʥʷ ʮʽʻʾ ʥʝʩʪʽʡʢʦʩʪʽ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʤʝʪʦʜ ʌʽʣʽʧʩʘ-

ʊʽʭʦʥʦʚʘ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʩʪʘʙʽʣʽʟʫʚʘʪʠ ʨʦʟʚôʷʟʦʢ ʰʣʷʭʦʤ ʚʚʝʜʝʥʥʷ ʰʪʨʘʬʥʦʛʦ 

ʜʦʜʘʥʢʫ. ɼʣʷ ʩʠʩʪʝʤʠ ʣʽʥʽʡʥʠʭ ʨʽʚʥʷʥʴ ʨʦʟʚ'ʷʟʦʢ ʤʦʞʥʘ ʟʥʘʡʪʠ ʯʝʨʝʟ ʤʘʪʨʠʯʥʝ 

ʨʽʚʥʷʥʥʷ 

ὃȿȿὝὃ Ώὼ ὃὄȟ 

ʜʝ Ώ ὨὭὥὫ‌ȟȣȟ‌ȟ‌ȟȣȟ‌ȟ‌ȟȣȟ‌ Ȣ ʊʫʪ ‌ πȟ‌ πȟ‌ π ï 

ʧʘʨʘʤʝʪʨʠ ʨʝʛʫʣʷʨʠʟʘʮʽʾ. 

ʏʠʩʝʣʴʥʽ ʝʢʩʧʝʨʠʤʝʥʪʠ 

ʂʨʠʚʘ ῲ ʤʘʻ ʧʘʨʘʤʝʪʨʠʯʥʝ ʧʦʜʘʥʥʷ 

ῲ ςὧέίὸȟρȢυίὭὲὸȟὸɴ πȟς“ ȟ 
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ʘ ʨʦʟʨʽʟ, ʷʢʠʡ ʥʝʦʙʭʽʜʥʦ ʨʝʢʦʥʩʪʨʫʶʚʘʪʠ  

ῲ πȢυὸȟπȢυίὭὲρȢυὸȟὸɴ ρȟρȢ 

ʈʠʩ. 1. ʈʝʢʦʥʩʪʨʫʢʮʽʷ ʨʦʟʨʽʟʫ. 

ɼʣʷ ʮʴʦʛʦ ʧʨʠʢʣʘʜʫ ʚʠʙʨʘʥʦ ὲ ρφȟά τȟὪ ρȟ‌ ‌ ‌

ρπȟ‖ πȢρȟὫ ï h ʪʫʯʥʦ ʟʛʝʥʝʨʦʚʘʥʽ ʜʘʥʽ, ʦʪʨʠʤʘʥʽ ʦʙʯʠʩʣʝʥʥʷʤ ʥʦʨʤʘʣʴʥʦʾ 

ʧʦʭʽʜʥʦʾ ʚʽʜ ʬʫʥʢʮʽʾ ό. ʊʘʢʦʞ ʜʦʜʘʥʦ υϷ ʚʠʧʘʜʢʦʚʦʛʦ ʰʫʤʫ ʜʣʷ ʤʦʜʝʣʶʚʘʥʥʷ 

ʧʦʭʠʙʢʠ, ʭʘʨʘʢʪʝʨʥʦʾ ʜʣʷ ʨʝʘʣʴʥʠʭ ʚʠʤʽʨʶʚʘʣʴʥʠʭ ʧʨʠʣʘʜʽʚ. 

ɺʠʩʥʦʚʢʠ 

ʆʪʞʝ, ʤʝʪʦʜ ʥʝʣʽʥʽʡʥʠʭ ʽʥʪʝʛʨʘʣʴʥʠʭ ʨʽʚʥʷʥʴ ʻ ʝʬʝʢʪʠʚʥʠʤ 

ʽʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ ʨʦʟʚôʷʟʘʥʥʷ ʟʘʜʘʯʽ ʨʝʢʦʥʩʪʨʫʢʮʽʾ ʨʦʟʨʽʟʫ, ʷʢʠʡ ʜʝʤʦʥʩʪʨʫʻ 

ʩʪʘʙʽʣʴʥʽʩʪʴ ʜʦ ʰʫʤʫ ʫ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʪʘ ʟʘʙʝʟʧʝʯʫʻ ʪʦʯʥʝ ʚʽʜʥʦʚʣʝʥʥʷ 

ʛʝʦʤʝʪʨʽʾ ʨʦʟʨʽʟʫ. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 

1. Chapko R. An alternating potential-based approach to the Cauchy problem 

for the Laplace equation in a planar domain with a cut./ R. Chapko, B.T. 

Johansson // Computational Methods in Applied Mathematics.ï 2008.ï ʉ. 

315-335. 

2. Ivanyshyn O. Nonlinear integral equations for solving inverse boundary 

value problems for inclusions and cracks. / O. Ivanyshyn, R. Kress // 

Journal of Integral Equations and Applications.ï 2006.ï ʉ. 13-38. 

3. Kress R. Numerical Analysis / R. Kress // Springer, New York. ï 1998.  
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ʄʆɼɽʃʖɺɸʅʅʗ ɸɺʊʆʅʆʄʅʆʉʊɯ ɻɯɹʈʀɼʅʆɰ ɽʅɽʈɻʆʉʀʉʊɽʄʀ 

ʄɽʊʆɼʆʄ ʄʆʅʊɽ - ʂɸʈʃʆ 

ʉʦʬʽʷ ʇʣʝʩʘʢ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

sofiia.plesak.pmi@lnu.edu.ua 

ɺʩʪʫʧ 

ɺ ʫʤʦʚʘʭ ʧʦʰʢʦʜʞʝʥʥʷ ʝʥʝʨʛʝʪʠʯʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ ʋʢʨʘʾʥʠ ʩʪʨʽʤʢʦ 

ʟʨʦʩʪʘʻ ʧʦʪʨʝʙʘ ʚ ʘʚʪʦʥʦʤʥʠʭ ʛʽʙʨʠʜʥʠʭ ʝʥʝʨʛʦʩʠʩʪʝʤʘʭ ʜʣʷ ʛʘʨʘʥʪʦʚʘʥʦʛʦ 

ʞʠʚʣʝʥʥʷ ʦʙ'ʻʢʪʽʚ ʢʨʠʪʠʯʥʦʾ ʽʥʬʨʘʩʪʨʫʢʪʫʨʠ. ʅʘʷʚʥʽ ʤʝʪʦʜʠ ʾʭ ʧʨʦʻʢʪʫʚʘʥʥʷ 

ʥʝʜʦʩʢʦʥʘʣʽ: ʩʪʘʥʜʘʨʪʥʽ ʽʥʞʝʥʝʨʥʽ ʨʦʟʨʘʭʫʥʢʠ ʧʨʠʟʚʦʜʷʪʴ ʜʦ ʥʘʜʤʽʨʥʠʭ 

ʚʠʪʨʘʪ ʥʘ ʥʝʧʦʪʨʽʙʥʝ ʦʙʣʘʜʥʘʥʥʷ, ʘ ʪʦʯʥʽ ʤʘʪʝʤʘʪʠʯʥʽ ʧʽʜʭʦʜʠ ʻ ʟʘʥʘʜʪʦ 

ʧʦʚʽʣʴʥʠʤʠ ʪʘ ʨʝʩʫʨʩʦʤʽʩʪʢʠʤʠ [1]. 

ʄʝʪʘ ʜʦʩʣʽʜʞʝʥʥʷ ï ʨʦʟʨʦʙʠʪʠ ʰʚʠʜʢʠʡ ʪʘ ʪʦʯʥʠʡ ʧʨʦʛʨʘʤʥʠʡ 

ʢʦʤʧʣʝʢʩ ʜʣʷ ʧʨʦʻʢʪʫʚʘʥʥʷ ʥʘʜʽʡʥʠʭ ʛʽʙʨʠʜʥʠʭ ʝʥʝʨʛʦʩʠʩʪʝʤ ʰʣʷʭʦʤ 

ʧʦʻʜʥʘʥʥʷ ʬʽʟʠʯʥʦʾ ʤʦʜʝʣʽ ʄʦʥʪʝ-ʂʘʨʣʦ ʟ ʦʙʯʠʩʣʶʚʘʣʴʥʦʶ ʝʬʝʢʪʠʚʥʽʩʪʶ 

ʘʣʛʦʨʠʪʤʽʚ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ʊʝʦʨʝʪʠʯʥʽ ʦʩʥʦʚʠ 

ʇʨʦʻʢʪʫʚʘʥʥʷ ʘʚʪʦʥʦʤʥʦʾ ʛʽʙʨʠʜʥʦʾ ʝʥʝʨʛʦʩʠʩʪʝʤʠ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʤʝʪʦʜʫ ʄʦʥʪʝ-ʂʘʨʣʦ ʙʘʟʫʻʪʴʩʷ ʥʘ ʧʦʻʜʥʘʥʥʽ ʬʽʟʠʯʥʠʭ ʤʦʜʝʣʝʡ ʛʝʥʝʨʘʮʽʾ ʟ 

ʩʪʦʭʘʩʪʠʯʥʠʤʠ ʤʦʜʝʣʷʤʠ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʫʤʦʚ. 

ʉʪʦʭʘʩʪʠʯʥʘ ʤʦʜʝʣʴ ʩʦʥʷʯʥʦʾ ʛʝʥʝʨʘʮʽʾ 

ɼʣʷ ʩʠʤʫʣʷʮʽʾ  ʭʤʘʨʥʦʩʪʽ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʤʫʣʴʪʠʧʣʽʢʘʪʠʚʥʘ ʩʪʦʭʘʩʪʠʯʥʘ 

ʤʦʜʝʣʴ: 

Ὓ ὸ άὥὼπȟὛ ὸẗ‚ ὸ   

ɼʝ: 

Ὓ ὸ- ʟʤʦʜʝʣʴʦʚʘʥʠʡ ʨʽʚʝʥʴ ʩʦʥʷʯʥʦʾ ʽʥʩʦʣʷʮʽʾ ʥʘ ʧʦʪʦʯʥʦʤʫ ʢʨʦʮʽ;  Ὓ ὸ 

ï ʽʩʪʦʨʠʯʥʠʡ ʧʨʦʬʽʣʴ; ‚ ὸὔρȟ‏  ʚʠʧʘʜʢʦʚʝ ʯʠʩʣʦ ʟ ʥʦʨʤʘʣʴʥʦʛʦ 

ʨʦʟʧʦʜʽʣʫ ʽʟ ʩʝʨʝʜʥʽʤ ʟʥʘʯʝʥʥʷʤ 1 ʪʘ ʩʪʘʥʜʘʨʪʥʠʤ ʚʽʜʭʠʣʝʥʥʷʤ. 

ʇʽʩʣʷ ʦʪʨʠʤʘʥʥʷ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʧʨʦʬʽʣʶ ʽʥʩʦʣʷʮʽʾ, ʬʘʢʪʠʯʥʘ 

ʟʛʝʥʝʨʦʚʘʥʘ ʧʦʪʫʞʥʽʩʪʴ ʩʦʥʷʯʥʦʾ ʝʣʝʢʪʨʦʩʪʘʥʮʽʾ ʨʦʟʨʘʭʦʚʫʻʪʴʩʷ ʟʘ ʬʦʨʤʫʣʦʶ: 

ὖ ὸ Ὓ ὸẗ˞   

ɼʝ: 

ὖ ὸ-  ʟʛʝʥʝʨʦʚʘʥʘ ʧʦʪʫʞʥʽʩʪʴ ʚʽʜ ʩʦʥʷʯʥʠʭ ʧʘʥʝʣʝʡ ʫ ʛʦʜʠʥʫ t (ʢɺʪ); ˞   

- ʩʫʤʘʨʥʘ ʚʩʪʘʥʦʚʣʝʥʘ ʧʦʪʫʞʥʽʩʪʴ PV-ʧʘʥʝʣʝʡ (ʢɺʪ). 
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ʉʪʦʭʘʩʪʠʯʥʘ ʤʦʜʝʣʴ ʰʚʠʜʢʦʩʪʽ ʚʽʪʨʫ 

ʄʦʜʝʣʶʚʘʥʥʷ ʰʚʠʜʢʦʩʪʽ ʚʽʪʨʫ ʢʦʤʙʽʥʫʻ ʤʫʣʴʪʠʧʣʽʢʘʪʠʚʥʠʡ ʪʨʝʥʜ ʜʣʷ 

ʽʤʽʪʘʮʽʾ ʟʘʛʘʣʴʥʠʭ ʟʤʽʥ ʧʦʛʦʜʥʠʭ ʫʤʦʚ ʪʘ ʘʜʠʪʠʚʥʽ ʧʦʨʠʚʠ ʜʣʷ ʽʤʽʪʘʮʽʾ 

ʨʘʧʪʦʚʠʭ ʰʢʚʘʣʽʚ ʯʠ ʧʨʦʚʘʣʽʚ ʚʽʪʨʫ:  

ὠ ὸ άὥὼπȟὠ ὸẗ‚ ὸ ‚ ὸ   

ɼʝ: 

ὠ ὸ -  ʙʘʟʦʚʠʡ ʧʨʦʬʽʣʴ ʰʚʠʜʢʦʩʪʽ ʚʽʪʨʫ;  ‚ ὸὔρȟπȢυ‏  - 

ʩʪʦʭʘʩʪʠʯʥʠʡ ʤʥʦʞʥʠʢ ʟʘʛʘʣʴʥʦʛʦ ʪʨʝʥʜʫ; ‚ ὸ ὔ. 

ɽʥʝʨʛʝʪʠʯʥʠʡ ʙʘʣʘʥʩ ʪʘ ʨʽʚʝʥʴ ʟʘʨʷʜʫ ʘʢʫʤʫʣʷʪʦʨʘ 

ʉʪʘʥ ʟʘʨʷʜʫ ʘʢʫʤʫʣʷʪʦʨʥʦʾ ʙʘʪʘʨʝʾ ʥʘ ʢʦʞʥʦʤʫ ʯʘʩʦʚʦʤʫ ʢʨʦʮʽ t 

ʚʠʟʥʘʯʘʻʪʴʩʷ ʝʥʝʨʛʝʪʠʯʥʠʤ ʙʘʣʘʥʩʦʤ ʤʽʞ ʩʫʤʘʨʥʦʶ ʛʝʥʝʨʘʮʽʻʶ ʪʘ 

ʩʧʦʞʠʚʘʥʥʷʤ: 

Ὓέὅ άὥὼπȟάὭὲὅ ȟὛέὅ ὖ ὖ   

ɼʝ: 

ὅ  - ʤʘʢʩʠʤʘʣʴʥʘ ʢʦʨʠʩʥʘ ʻʤʥʽʩʪʴ ʙʘʪʘʨʝʡʥʦʛʦ ʙʣʦʢʫ; Ὓέὅ  -ʨʽʚʝʥʴ ʟʘʨʷʜʫ 

ʘʢʫʤʫʣʷʪʦʨʥʦʾ ʙʘʪʘʨʝʾ ʥʘ ʧʦʧʝʨʝʜʥʴʦʤʫ ʯʘʩʦʚʦʤʫ ʢʨʦʮʽ; ὖ  -  ʩʫʤʘʨʥʘ 

ʧʦʪʫʞʥʽʩʪʴ ʛʝʥʝʨʘʮʽʾ (ʩʦʥʮʝ + ʚʽʪʝʨ); ὖ  -  ʧʦʪʫʞʥʽʩʪʴ ʥʘʚʘʥʪʘʞʝʥʥʷ; 

ʆʮʽʥʢʘ ʥʘʜʽʡʥʦʩʪʽ ʝʥʝʨʛʦʩʠʩʪʝʤʠ 

ʂʣʶʯʦʚʦʶ ʤʝʪʨʠʢʦʶ ʜʣʷ ʦʮʽʥʶʚʘʥʥʷ ʥʘʜʽʡʥʦʩʪʽ ʩʧʨʦʻʢʪʦʚʘʥʦʾ ʩʠʩʪʝʤʠ 

ʻ ʡʤʦʚʽʨʥʽʩʪʴ ʚʪʨʘʪʠ ʥʘʚʘʥʪʘʞʝʥʥʷ (Loss of Load Probability, LLP). ɺʦʥʘ 

ʨʦʟʨʘʭʦʚʫʻʪʴʩʷ ʷʢ ʚʽʜʩʦʪʦʢ ʯʘʩʫ, ʧʨʦʪʷʛʦʤ ʷʢʦʛʦ ʩʠʩʪʝʤʘ ʥʝ ʟʜʘʪʥʘ 

ʟʘʜʦʚʦʣʴʥʠʪʠ ʝʥʝʨʛʝʪʠʯʥʠʡ ʧʦʧʠʪ: 

ὒὒὖ ẗρππϷ     

ɼʝ: 

Ὄ  ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ ʛʦʜʠʥ ʟ ʥʫʣʴʦʚʠʤ ʟʘʨʷʜʦʤ ʙʘʪʘʨʝʾ ʪʘ ʜʝʬʽʮʠʪʦʤ 

ʛʝʥʝʨʘʮʽʾ ʟʘ ʚʩʽ ʽʪʝʨʘʮʽʾ ʤʦʜʝʣʶʚʘʥʥʷ; Ὄ  ï ʟʘʛʘʣʴʥʘ ʢʽʣʴʢʽʩʪʴ 

ʟʤʦʜʝʣʴʦʚʘʥʠʭ ʛʦʜʠʥ. 

ɿʙʫʨʝʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ 

ɿʙʫʨʝʥʥʷ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʭ ʧʦʢʘʟʥʠʢʽʚ  ʜʣʷ ʢʦʞʥʦʾ ʛʦʜʠʥʠ t 

ʤʦʜʝʣʶʻʪʴʩʷ ʰʣʷʭʦʤ ʥʘʢʣʘʜʘʥʥʷ ʩʪʦʭʘʩʪʠʯʥʦʛʦ ʰʫʤʫ ʥʘ ʙʘʟʦʚʽ ʽ     ὡ ὸ

άὥὼπȟὡ ὸẗρ ‭ὸ   

ɼʝ: 

ὡ ὸ - ̔ ʩʪʦʨʠʯʥʠʡ ʧʨʦʬʽʣʴ; ‭ὸ -  h ʫʤ, ʱʦ ʧʽʜʧʦʨʷʜʢʦʚʫʻʪʴʩʷ ʥʦʨʤʘʣʴʥʦʤʫ 

ʟʘʢʦʥʫ ʨʦʟʧʦʜʽʣʫ ʡʤʦʚʽʨʥʦʩʪʝʡ ʽʟ ʥʫʣʴʦʚʠʤ ʤʘʪʝʤʘʪʠʯʥʠʤ ʩʧʦʜʽʚʘʥʥʷʤ ʪʘ 
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ʟʘʜʘʥʠʤ ʜʠʩʧʝʨʩʽʡʥʠʤ ʚʽʜʭʠʣʝʥʥʷʤ „, ʱʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʩʪʫʧʝʥʷ ʧʦʛʦʜʥʦʾ 

ʥʝʩʪʘʙʽʣʴʥʦʩʪʽ. 

ʌʫʥʢʮʽʦʥʘʣʴʥʽ ʤʦʞʣʠʚʦʩʪʽ ʧʨʦʛʨʘʤʥʦʛʦ ʢʦʤʧʣʝʢʩʫ 

ɼʣʷ ʟʘʙʝʟʧʝʯʝʥʥʷ ʜʦʩʪʦʚʽʨʥʦʩʪʽ ʧʦʯʘʪʢʦʚʠʭ ʫʤʦʚ ʨʝʘʣʽʟʦʚʘʥʦ 

ʽʥʪʝʛʨʘʮʽʶ ʟ ʤʝʪʝʦʨʦʣʦʛʽʯʥʠʤ ʩʝʨʚʽʩʦʤ ʯʝʨʝʟ REST API [2]. ʎʝ ʜʦʟʚʦʣʠʣʦ 

ʘʚʪʦʤʘʪʠʯʥʦ ʟʘʚʘʥʪʘʞʫʚʘʪʠ ʣʦʢʘʣʴʥʽ ʽʩʪʦʨʠʯʥʽ ʜʘʥʽ ʧʨʦ ʨʽʚʝʥʴ ʩʦʥʷʯʥʦʾ 

ʽʥʩʦʣʷʮʽʾ ʪʘ ʰʚʠʜʢʽʩʪʴ ʚʽʪʨʫ ʟ ʪʦʯʥʦʶ ʧʨʠʚ'ʷʟʢʦʶ ʜʦ ʦʙʨʘʥʠʭ ʢʘʣʝʥʜʘʨʥʠʭ ʜʘʪ, 

ʥʘ ʦʩʥʦʚʽ ʷʢʠʭ ʚʽʜʙʫʚʘʻʪʴʩʷ ʧʦʙʫʜʦʚʘ ʛʨʘʬʽʢʽʚ. 

ʂʦʨʠʩʪʫʚʘʯ ʤʘʻ ʤʦʞʣʠʚʽʩʪʴ ʟʘʜʘʚʘʪʠ ʩʝʨʝʜʥʽʡ ʨʽʚʝʥʴ ʩʧʦʞʠʚʘʥʥʷ 

ʝʣʝʢʪʨʦʝʥʝʨʛʽʾ ʫ ʢɺʪĿʛʦʜ ʘʙʦ ʞ ʨʦʟʨʘʭʦʚʫʚʘʪʠ ʡʦʛʦ ʘʚʪʦʤʘʪʠʯʥʦ ʥʘ ʦʩʥʦʚʽ 

ʧʝʨʝʣʽʢʫ ʥʘʷʚʥʠʭ ʝʣʝʢʪʨʦʧʨʠʣʘʜʽʚ. 

ʇʨʦʛʨʘʤʥʠʡ ʢʦʤʧʣʝʢʩ ʧʽʜʪʨʠʤʫʻ ʜʚʘ ʨʝʞʠʤʠ ʢʦʥʬʽʛʫʨʫʚʘʥʥʷ ʛʽʙʨʠʜʥʦʾ 

ʝʥʝʨʛʦʩʠʩʪʝʤʠ: 

ʈʫʯʥʠʡ ʨʝʞʠʤ ʥʘʜʘʻ  ʤʦʞʣʠʚʽʩʪʴ ʩʘʤʦʩʪʽʡʥʦ ʥʘʣʘʰʪʦʚʫʚʘʪʠ ʘʧʘʨʘʪʥʽ 

ʧʘʨʘʤʝʪʨʠ : ʚʩʪʘʥʦʚʣʶʚʘʪʠ ʧʦʪʫʞʥʽʩʪʴ ʩʦʥʷʯʥʠʭ ʧʘʥʝʣʝʡ ʽ ʚʽʪʨʦʛʝʥʝʨʘʪʦʨʽʚ ʫ 

ʢɺʪ, ʘ ʪʘʢʦʞ ʻʤʥʽʩʪʴ ʘʢʫʤʫʣʷʪʦʨʥʠʭ ʙʘʪʘʨʝʡ (ɸʂɹ) ʫ ʢɺʪĿʛʦʜ 

ɸʚʪʦʤʘʪʠʯʥʠʡ ʨʝʞʠʤ ʨʦʟʚ'ʷʟʫʻ ʦʙʝʨʥʝʥʫ ʟʘʜʘʯʫ: ʥʘ ʦʩʥʦʚʽ ʟʘʜʘʥʦʛʦ 

ʢʦʨʠʩʪʫʚʘʯʝʤ ʮʽʣʴʦʚʦʛʦ ʧʦʢʘʟʥʠʢʘ ʥʘʜʽʡʥʦʩʪʽ, ʘʣʛʦʨʠʪʤ ʩʘʤʦʩʪʽʡʥʦ ʦʧʪʠʤʽʟʫʻ 

ʪʘ ʧʽʜʙʠʨʘʻ ʥʝʦʙʭʽʜʥʫ ʢʽʣʴʢʽʩʪʴ ʩʦʥʷʯʥʠʭ ʧʘʥʝʣʝʡ, ʚʽʪʨʦʛʝʥʝʨʘʪʦʨʽʚ, ʘ ʪʘʢʦʞ 

ʻʤʥʽʩʪʴ ɸʂɹ. 

ʇʨʷʤʝ ʟʘʩʪʦʩʫʚʘʥʥʷ ʤʝʪʦʜʫ ʄʦʥʪʝ-ʂʘʨʣʦ ʜʣʷ ʧʦʰʫʢʫ ʦʧʪʠʤʘʣʴʥʠʭ 

ʢʦʥʬʽʛʫʨʘʮʽʡ ʦʙʣʘʜʥʘʥʥʷ ʚʠʷʚʠʣʦʩʷ ʦʙʯʠʩʣʶʚʘʣʴʥʦ ʟʘʪʨʘʪʥʠʤ [3], ʪʦʤʫ ʜʣʷ 

ʚʠʨʽʰʝʥʥʷ ʮʽʻʾ ʧʨʦʙʣʝʤʠ ʧʨʦʛʨʘʤʥʠʡ ʢʦʤʧʣʝʢʩ ʙʫʣʦ ʨʦʟʰʠʨʝʥʦ ʤʦʜʫʣʝʤ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. 

ɹʫʣʦ ʦʙʨʘʥʦ ʘʣʛʦʨʠʪʤ ʚʠʧʘʜʢʦʚʦʛʦ ʣʽʩʫ (Random Forest Regression) [4].  

ʇʨʦʩʪʦʨʦʤ ʦʟʥʘʢ ʚʠʩʪʫʧʘʣʠ ʢʦʥʬʽʛʫʨʘʮʽʡʥʽ ʧʘʨʘʤʝʪʨʠ ʦʙʣʘʜʥʘʥʥʷ: 

ʚʩʪʘʥʦʚʣʝʥʘ ʧʦʪʫʞʥʽʩʪʴ ʛʝʥʝʨʘʮʽʾ ʪʘ ʻʤʥʽʩʪʴ ʘʢʫʤʫʣʷʪʦʨʥʠʭ ʙʘʪʘʨʝʡ, ʘ 

ʮʽʣʴʦʚʦʶ ʟʤʽʥʥʦʶ ð ʨʦʟʨʘʭʦʚʘʥʠʡ ʧʦʢʘʟʥʠʢ ʽʤʦʚʽʨʥʦʩʪʽ ʚʪʨʘʪʠ 

ʥʘʚʘʥʪʘʞʝʥʥʷ.  

ɼʣʷ ʬʦʨʤʫʚʘʥʥʷ ʥʘʚʯʘʣʴʥʦʾ ʚʠʙʽʨʢʠ ʙʫʣʦ ʟʛʝʥʝʨʦʚʘʥʦ ʫʥʽʢʘʣʴʥʠʡ 

ʩʠʥʪʝʪʠʯʥʠʡ ʜʘʪʘʩʝʪ, ʱʦ ʩʢʣʘʜʘʚʩʷ ʟ ςπππ  ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʢʦʥʬʽʛʫʨʘʮʽʡ 

ʛʽʙʨʠʜʥʦʾ ʝʥʝʨʛʦʩʠʩʪʝʤʠ, ʪʦʯʥʽʩʪʴ ʩʫʨʦʛʘʪʥʦʾ ʤʦʜʝʣʽ ʩʪʘʥʦʚʠʪʴ ʧʦʥʘʜ 95%. 
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ɺɽɹ-ʇʃɸʊʌʆʈʄɸ ɼʃʗ ɸɺʊʆʄɸʊʀʏʅʆɻʆ ɺɯɼɽʆɼʋɹʃʖɺɸʅʅʗ 

ʅɸ ʆʉʅʆɺɯ ʄɯʂʈʆʉɽʈɺɯʉʅʆɰ ɸʈʍɯʊɽʂʊʋʈʀ 

ʉʤʦʣʷʢ ɯ. ʖ. ʇʄɯ-41 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

1. ɸʢʪʫʘʣʴʥʽʩʪʴ ʪʝʤʠ 

ʉʪʨʽʤʢʠʡ ʨʦʟʚʠʪʦʢ ʮʠʬʨʦʚʠʭ ʤʝʜʽʘ ʚʠʟʥʘʯʘʻ ʛʦʩʪʨʫ ʧʦʪʨʝʙʫ ʫ 

ʜʦʩʪʫʧʥʠʭ ʽʥʩʪʨʫʤʝʥʪʘʭ ʣʦʢʘʣʽʟʘʮʽʾ ʚʽʜʝʦʢʦʥʪʝʥʪʫ. ʊʨʘʜʠʮʽʡʥʝ ʩʪʫʜʽʡʥʝ 

ʜʫʙʣʶʚʘʥʥʷ ʟʘʣʠʰʘʻʪʴʩʷ ʪʝʭʥʦʣʦʛʽʯʥʦ ʩʢʣʘʜʥʠʤ ʽ ʬʽʥʘʥʩʦʚʦ ʥʝʜʦʩʪʫʧʥʠʤ 

ʧʨʦʮʝʩʦʤ, ʱʦ ʧʦʪʨʝʙʫʻ ʩʧʝʮʽʘʣʴʥʦʛʦ ʦʙʣʘʜʥʘʥʥʷ, ʘʢʪʦʨʽʚ ʦʟʚʫʯʫʚʘʥʥʷ ʪʘ 

ʤʦʥʪʘʞʝʨʽʚ. ɼʣʷ ʥʝʟʘʣʝʞʥʠʭ ʢʦʥʪʝʥʪ-ʤʝʡʢʝʨʽʚ ʽ ʤʘʣʦʛʦ ʙʽʟʥʝʩʫ ʦʙ'ʻʢʪʠʚʥʦ 

ʥʝʦʙʭʽʜʥʽ ʨʽʰʝʥʥʷ, ʱʦ ʘʚʪʦʤʘʪʠʟʫʶʪʴ ʮʝʡ ʧʨʦʮʝʩ ʙʝʟ ʟʥʘʯʥʠʭ ʨʝʩʫʨʩʽʚ. 

ʉʫʯʘʩʥʠʡ ʨʽʚʝʥʴ ʪʝʭʥʦʣʦʛʽʡ ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʨʦʟʧʽʟʥʘʚʘʥʥʷ ʤʦʚʣʝʥʥʷ 

(ASR) [1], ʥʝʡʨʦʥʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʧʝʨʝʢʣʘʜʫ (NMT) ʪʘ ʩʠʥʪʝʟʫ ʤʦʚʣʝʥʥʷ 

(TTS) ʽʟ ʢʣʦʥʫʚʘʥʥʷʤ ʛʦʣʦʩʫ ʜʘʻ ʟʤʦʛʫ ʨʝʘʣʽʟʫʚʘʪʠ ʧʦʚʥʦʮʽʥʥʠʡ ʟʘʩʪʦʩʫʥʦʢ. 

ʆʢʨʝʤʦʾ ʫʚʘʛʠ ʟʘʩʣʫʛʦʚʫʻ ʫʢʨʘʾʥʦʤʦʚʥʠʡ ʢʦʥʪʝʥʪ: ʽʩʥʫʶʯʽ ʢʦʤʝʨʮʽʡʥʽ 

ʨʽʰʝʥʥʷ (HeyGen, Dubverse) ʥʝ ʧʽʜʪʨʠʤʫʶʪʴ ʷʢʽʩʥʦʛʦ ʩʠʥʪʝʟʫ ʫʢʨʘʾʥʩʴʢʦʛʦ 

ʤʦʚʣʝʥʥʷ, ʱʦ ʧʽʜʪʚʝʨʜʞʫʻ ʘʢʪʫʘʣʴʥʽʩʪʴ ʚʣʘʩʥʦʾ ʨʦʟʨʦʙʢʠ. 

2. ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʽ 

ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʧʨʦʝʢʪʫʚʘʥʥʷ ʪʘ ʨʝʘʣʽʟʘʮʽʷ ʚʝʙ-ʧʣʘʪʬʦʨʤʠ ʜʣʷ 

ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʤʫʣʴʪʠʤʦʚʥʦʛʦ ʜʫʙʣʶʚʘʥʥʷ ʚʽʜʝʦʢʦʥʪʝʥʪʫ ʟ ʽʥʪʝʛʨʘʮʽʻʶ ʫ 

ʻʜʠʥʠʡ ʧʦʪʽʢ ʪʘʢʠʭ ʧʨʦʮʝʩʽʚ: ʟʘʚʘʥʪʘʞʝʥʥʷ ʚʽʜʝʦ ʽʟ ʣʦʢʘʣʴʥʦʛʦ ʩʭʦʚʠʱʘ ʘʙʦ ʟʘ 

ʧʦʩʠʣʘʥʥʷʤ YouTube; ʘʚʪʦʤʘʪʠʯʥʘ ʪʨʘʥʩʢʨʠʧʮʽʷ ʘʫʜʽʦʜʦʨʽʞʢʠ; ʧʝʨʝʢʣʘʜ 

ʪʨʘʥʩʢʨʠʧʮʽʾ ʟʽ ʟʙʝʨʝʞʝʥʥʷʤ ʯʘʩʦʚʠʭ ʤʽʪʦʢ; ʩʠʥʪʝʟ ʤʦʚʣʝʥʥʷ ʟ ʢʣʦʥʫʚʘʥʥʷʤ 

ʛʦʣʦʩʫ ʤʦʚʥʠʢʘ; ʦʙ'ʻʜʥʘʥʥʷ ʩʠʥʪʝʟʦʚʘʥʦʾ ʘʫʜʽʦʜʦʨʽʞʢʠ ʟ ʦʨʠʛʽʥʘʣʴʥʠʤ 

ʚʽʜʝʦʨʷʜʦʤ. 

3. ɿʘʧʨʦʧʦʥʦʚʘʥʝ ʨʽʰʝʥʥʷ 

ʈʦʟʨʦʙʣʝʥʘ ʧʣʘʪʬʦʨʤʘ ʨʝʘʣʽʟʦʚʘʥʘ ʷʢ ʨʦʟʧʦʜʽʣʝʥʘ ʩʠʩʪʝʤʘ ʟ 

ʤʽʢʨʦʩʝʨʚʽʩʥʦʶ ʘʨʭʽʪʝʢʪʫʨʦʶ, ʱʦ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʩʝʤʠ ʦʢʨʝʤʠʭ ʩʝʨʚʽʩʽʚ, ʢʦʞʝʥ 

ʟ ʷʢʠʭ ʨʦʟʛʦʨʪʘʻʪʴʩʷ ʫ ʚʣʘʩʥʦʤʫ Docker-ʢʦʥʪʝʡʥʝʨʽ [2] ʪʘ ʚʟʘʻʤʦʜʽʻ ʟ ʽʥʰʠʤʠ 

ʯʝʨʝʟ HTTP REST API. 

3.1. ɸʨʭʽʪʝʢʪʫʨʘ ʩʠʩʪʝʤʠ 

ʎʝʥʪʨʘʣʴʥʠʤ ʝʣʝʤʝʥʪʦʤ ʻ API Gateway (FastAPI [3]), ʱʦ ʨʝʘʣʽʟʫʻ 

ʧʘʪʝʨʥ ʻʜʠʥʦʾ ʪʦʯʢʠ ʚʭʦʜʫ: ʤʘʨʰʨʫʪʠʟʫʻ ʟʘʧʠʪʠ ʜʦ ʚʽʜʧʦʚʽʜʥʠʭ ʤʽʢʨʦʩʝʨʚʽʩʽʚ, 

ʟʘʙʝʟʧʝʯʫʻ retry-ʣʦʛʽʢʫ ʪʘ ʧʝʨʝʢʠʜʫʚʘʥʥʷ ʟʘʛʦʣʦʚʢʽʚ ʘʚʪʦʨʠʟʘʮʽʾ. 
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ʇʝʨʩʠʩʪʝʥʪʥʽʩʪʴ ʜʘʥʠʭ ʟʘʙʝʟʧʝʯʫʻʪʴʩʷ ʯʝʨʝʟ Database Service ʽʟ 

ʮʝʥʪʨʘʣʽʟʦʚʘʥʠʤ REST-ʽʥʪʝʨʬʝʡʩʦʤ ʜʦ PostgreSQL-ʙʘʟʠ Supabase [4], ʱʦ 

ʽʟʦʣʶʻ ʜʝʪʘʣʽ ʨʦʙʦʪʠ ʟ ɹɼ ʚʽʜ ʙʽʟʥʝʩ-ʣʦʛʽʢʠ ʽʥʰʠʭ ʩʝʨʚʽʩʽʚ. 

 

 
ʈʠʩ. 1: ɸʨʭʽʪʝʢʪʫʨʥʘ ʜʽʘʛʨʘʤʘ 

3.2. ʈʝʘʣʽʟʘʮʽʷ ʧʨʦʮʝʩʫ ʚʽʜʝʦʜʫʙʣʷʞʫ 

ʇʨʦʮʝʩ ʜʫʙʣʶʚʘʥʥʷ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʯʦʪʠʨʴʦʭ ʝʪʘʧʽʚ. 

ʊʨʘʥʩʢʨʠʧʮʽʷ. Transcription Service ʚʠʣʫʯʘʻ ʘʫʜʽʦ ʟʘ ʜʦʧʦʤʦʛʦʶ 

FFmpeg ʪʘ ʟʘʧʫʩʢʘʻ ʤʦʜʝʣʴ OpenAI Whisper. ʈʝʟʫʣʴʪʘʪ ð JSON ʽʟ ʩʝʛʤʝʥʪʘʤʠ 

ʪʨʘʥʩʢʨʠʧʮʽʾ ʪʘ ʯʘʩʦʚʠʤʠ ʤʽʪʢʘʤʠ. 

ʇʝʨʝʢʣʘʜ. Translation Service ʧʝʨʝʜʘʻ ʩʝʛʤʝʥʪʠ ʜʦ Google Gemini API 

[5], ʟʙʝʨʽʛʘʶʯʠ ʦʨʠʛʽʥʘʣʴʥʽ ʯʘʩʦʚʽ ʤʝʞʽ. ʈʝʘʣʽʟʦʚʘʥʦ fallback-ʤʝʭʘʥʽʟʤ ʤʽʞ 

ʯʦʪʠʨʤʘ ʚʝʨʩʽʷʤʠ ʤʦʜʝʣʽ Gemini ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʚʽʜʤʦʚʦʩʪʽʡʢʦʩʪʽ. 

ʉʠʥʪʝʟ ʤʦʚʣʝʥʥʷ. TTS Service ʧʽʜʪʨʠʤʫʻ ʯʦʪʠʨʠ ʜʚʠʛʫʥʠ. ʆʩʥʦʚʥʠʤ ʻ 

Coqui XTTS v2 [6] ð ʢʣʦʥʫʚʘʥʥʷ ʛʦʣʦʩʫ ʽʟ 3ï15 ʩʝʢʫʥʜʥʦʛʦ ʟʨʘʟʢʘ, 16+ ʤʦʚ. 

ɼʣʷ ʫʢʨʘʾʥʩʴʢʦʛʦ ʤʦʚʣʝʥʥʷ ʜʦʜʘʪʢʦʚʦ ʽʥʪʝʛʨʦʚʘʥʦ StyleTTS2; ʷʢ ʘʣʴʪʝʨʥʘʪʠʚʠ 

ʜʦʩʪʫʧʥʽ Edge TTS ʪʘ ElevenLabs. 

ɿʚʝʜʝʥʥʷ. FFmpeg ʩʠʥʭʨʦʥʽʟʫʻ ʩʠʥʪʝʟʦʚʘʥʽ ʘʫʜʽʦʩʝʛʤʝʥʪʠ ʟ 

ʦʨʠʛʽʥʘʣʴʥʠʤʠ ʯʘʩʦʚʠʤʠ ʢʦʜʘʤʠ ʪʘ ʬʦʨʤʫʻ ʬʽʥʘʣʴʥʝ ʚʽʜʝʦ.  
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ʈʠʩ. 2: ɼʽʘʛʨʘʤʘ ʧʨʦʮʝʩʫ ʦʙʨʦʙʢʠ ʚʽʜʝʦ 

3.3. ʊʝʭʥʦʣʦʛʽʯʥʠʡ ʩʪʝʢ ʪʘ ʽʥʬʨʘʩʪʨʫʢʪʫʨʘ 

ʉʝʨʚʝʨʥʫ ʯʘʩʪʠʥʫ ʧʦʙʫʜʦʚʘʥʦ ʥʘ FastAPI ʟ ʘʩʠʥʭʨʦʥʥʦʶ ʦʙʨʦʙʢʦʶ 

ʟʘʧʠʪʽʚ. ʂʣʽʻʥʪʩʴʢʘ ʯʘʩʪʠʥʘ ð SPA ʥʘ React TypeScript. ɸʚʪʝʥʪʠʬʽʢʘʮʽʷ 

ʨʝʘʣʽʟʦʚʘʥʘ ʯʝʨʝʟ JWT-ʪʦʢʝʥʠ ʟ ʚʝʨʠʬʽʢʘʮʽʻʶ email ʪʘ ʩʢʠʜʘʥʥʷʤ ʧʘʨʦʣʶ 

ʯʝʨʝʟ SMTP. ʉʠʩʪʝʤʘ ʨʦʟʛʦʨʪʘʻʪʴʩʷ ʯʝʨʝʟ Docker Compose ʟ health-check 

ʧʝʨʝʚʽʨʢʘʤʠ; ʧʫʙʣʽʯʥʠʡ ʜʦʩʪʫʧ ʟʘʙʝʟʧʝʯʫʻʪʴʩʷ ʯʝʨʝʟ Cloudflare Tunnel ʙʝʟ 

ʥʝʦʙʭʽʜʥʦʩʪʽ ʚʽʜʢʨʠʚʘʪʠ ʧʦʨʪʠ. 

4. ɺʠʩʥʦʚʢʠ 

ʉʧʨʦʝʢʪʦʚʘʥʦ ʪʘ ʨʝʘʣʽʟʦʚʘʥʦ ʧʦʚʥʦʬʫʥʢʮʽʦʥʘʣʴʥʫ ʚʝʙ-ʧʣʘʪʬʦʨʤʫ 

ʘʚʪʦʤʘʪʠʯʥʦʛʦ ʚʽʜʝʦʜʫʙʣʶʚʘʥʥʷ, ʱʦ ʫʩʫʚʘʻ ʢʣʶʯʦʚʽ ʙʘʨ'ʻʨʠ ʜʦʩʪʫʧʥʦʩʪʽ ʜʣʷ 

ʥʝʟʘʣʝʞʥʠʭ ʢʦʥʪʝʥʪ-ʤʝʡʢʝʨʽʚ. ʄʽʢʨʦʩʝʨʚʽʩʥʘ ʘʨʭʽʪʝʢʪʫʨʘ ʟʘʙʝʟʧʝʯʫʻ 

ʥʝʟʘʣʝʞʥʝ ʤʘʩʰʪʘʙʫʚʘʥʥʷ ʨʝʩʫʨʩʦʻʤʥʠʭ ʢʦʤʧʦʥʝʥʪʽʚ ʽ ʜʦʟʚʦʣʷʻ ʨʦʟʰʠʨʶʚʘʪʠ 

ʩʠʩʪʝʤʫ ʙʝʟ ʧʝʨʝʧʠʩʫʚʘʥʥʷ ʽʩʥʫʶʯʦʛʦ ʢʦʜʫ. ɯʥʪʝʛʨʘʮʽʷ Coqui XTTS v2 ʪʘ 

StyleTTS2 ʚʠʨʽʰʫʻ ʧʨʦʙʣʝʤʫ ʚʽʜʩʫʪʥʦʩʪʽ ʷʢʽʩʥʦʛʦ ʩʠʥʪʝʟʫ ʫʢʨʘʾʥʩʴʢʦʛʦ 

ʤʦʚʣʝʥʥʷ ʫ ʥʘʷʚʥʠʭ ʢʦʤʝʨʮʽʡʥʠʭ ʨʽʰʝʥʥʷʭ. ʇʨʘʢʪʠʯʥʘ ʮʽʥʥʽʩʪʴ 

ʧʽʜʪʚʝʨʜʞʫʻʪʴʩʷ ʧʦʚʥʠʤ ʦʭʦʧʣʝʥʥʷʤ ʮʠʢʣʫ ð ʚʽʜ ʟʘʚʘʥʪʘʞʝʥʥʷ ʚʽʜʝʦ ʜʦ 

ʛʦʪʦʚʦʛʦ ʜʫʙʣʴʦʚʘʥʦʛʦ ʬʘʡʣʫ ʚ ʻʜʠʥʦʤʫ ʽʥʪʝʨʬʝʡʩʽ. 
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ɿɸʉʊʆʉʋɺɸʅʅʗ ʄʆɼɽʃɽʁ ʊʈɸʅʉʌʆʈʄɽʈɯɺ ɼʃʗ ɿɸɼɸʏ 

ʂʃɸʉʀʌɯʂɸʎɯɰ ʇʋʍʃʀʅ ɻʆʃʆɺʅʆɻʆ ʄʆɿʂʋ 

ʊʝʪʷʥʘ ʄʫʢʦʚʦʟ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 
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ɸʢʪʫʘʣʴʥʽʩʪʴ 

 ʇʨʦʙʣʝʤʘ ʩʚʦʻʯʘʩʥʦʾ ʪʘ ʪʦʯʥʦʾ ʜʽʘʛʥʦʩʪʠʢʠ ʧʫʭʣʠʥ ʤʦʟʢʫ ʟʘʣʠʰʘʻʪʴʩʷ 

ʦʜʥʽʻʶ ʟ ʥʘʡʚʘʞʣʠʚʽʰʠʭ ʫ ʩʫʯʘʩʥʽʡ ʤʝʜʠʮʠʥʽ. ʄʘʛʥʽʪʥʦ-ʨʝʟʦʥʘʥʩʥʘ 

ʪʦʤʦʛʨʘʬʽʷ ʻ ʦʩʥʦʚʥʠʤ ʤʝʪʦʜʦʤ ʚʠʷʚʣʝʥʥʷ ʥʦʚʦʫʪʚʦʨʝʥʴ, ʦʜʥʘʢ ʾʾ ʘʥʘʣʽʟ 

ʚʠʤʘʛʘʻ ʩʫʪʪʻʚʠʭ ʚʠʪʨʘʪ ʯʘʩʫ ʥʘ ʽʥʪʝʨʧʨʝʪʘʮʽʶ ʨʝʟʫʣʴʪʘʪʽʚ. ʎʝ ʟʫʤʦʚʣʶʻ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʨʦʟʨʦʙʢʠ ʘʚʪʦʤʘʪʠʟʦʚʘʥʠʭ ʽʥʪʝʣʝʢʪʫʘʣʴʥʠʭ ʩʠʩʪʝʤ, ʟʜʘʪʥʠʭ 

ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʽ ʦʧʝʨʘʪʠʚʥʽʩʪʴ ʘʥʘʣʽʟʫ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ. 

 ʆʜʥʠʤ ʟ ʥʘʧʨʷʤʢʽʚ ʘʥʘʣʽʟʫ ʤʝʜʠʯʥʠʭ ʟʦʙʨʘʞʝʥʴ ʥʘ ʚʠʢʦʨʠʩʪʘʥʥʽ 

ʛʣʠʙʦʢʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʻ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʨʘʥʩʬʦʨʤʝʨʥʠʭ ʘʨʭʽʪʝʢʪʫʨ, ʱʦ 

ʟʜʘʪʥʽ ʘʚʪʦʤʘʪʠʯʥʦ ʚʠʜʽʣʷʪʠ ʽʥʬʦʨʤʘʪʠʚʥʽ ʦʟʥʘʢʠ ʟ ʜʘʥʠʭ ʪʘ ʟʘʙʝʟʧʝʯʫʚʘʪʠ 

ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ ʫ ʟʘʜʘʯʘʭ ʢʣʘʩʠʬʽʢʘʮʽʾ.   

 ʋ ʨʦʙʦʪʽ ʨʦʟʛʣʷʜʘʻʪʴʩʷ ʟʘʩʪʦʩʫʚʘʥʥʷ ʪʨʘʥʩʬʦʨʤʝʨʥʠʭ ʤʦʜʝʣʝʡ ʜʣʷ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʄʈʊ-ʟʥʽʤʢʽʚ ʟʘ ʪʠʧʘʤʠ ʧʫʭʣʠʥ:  glioma, meningioma, pituitary, ʘ 

ʪʘʢʦʞ ʚʠʟʥʘʯʝʥʥʷ ʚʠʧʘʜʢʽʚ ʚʽʜʩʫʪʥʦʩʪʽ ʧʫʭʣʠʥʠ. 
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Swin Transformer 

 Swin Transformer ʙʫʜʫʻ ʙʘʛʘʪʦʨʽʚʥʝʚʫ ʽʻʨʘʨʭʽʶ ʦʟʥʘʢ, ʧʦʜʽʙʥʫ ʜʦ 

ʟʘʛʦʨʪʢʦʚʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ.  

ʊʘʙʣ. 1. ɯʻʨʘʨʭʽʷ ʦʟʥʘʢ Swin Transformer 

ʉʪʘʜʽʷ ʈʦʟʤʽʨ ʢʘʨʪʠ ʦʟʥʘʢ ʂʽʣʴʢʽʩʪʴ ʢʘʥʘʣʽʚ 

Stage 1 H/4 Ĭ W/4 96 

Stage 2 H/8 Ĭ W/8 192 

Stage 3 H/16 Ĭ W/16 384 

Stage 4 H/32 Ĭ W/32 768 

ʋ ʧʨʦʮʝʩʽ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʥʷ ʧʨʦʩʪʦʨʦʚʫ ʨʦʟʜʽʣʴʥʽʩʪʴ ʧʦʩʪʫʧʦʚʦ 

ʟʤʝʥʰʫʶʪʴ, ʪʦʜʽ ʷʢ ʢʽʣʴʢʽʩʪʴ ʢʘʥʘʣʽʚ ʦʟʥʘʢ ʟʙʽʣʴʰʫʻʪʴʩʷ. ʇʝʨʝʭʽʜ ʤʽʞ 

ʩʪʘʜʽʷʤʠ ʨʝʘʣʽʟʫʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʝʭʘʥʽʟʤʫ Patch Merging, ʷʢʠʡ ʦʙôʻʜʥʫʻ 

ʩʫʩʽʜʥʽ ʙʣʦʢʠ 2Ĭ2 ʧʘʪʯʽʚ ʚ ʦʜʠʥ. ʎʝ ʩʧʨʠʯʠʥʷʻ ʟʤʝʥʰʝʥʥʷ ʧʨʦʩʪʦʨʦʚʦʾ 

ʨʦʟʜʽʣʴʥʦʩʪʽ ʚʜʚʽʯʽ ʪʘ ʦʜʥʦʯʘʩʥʦʛʦ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʢʘʥʘʣʽʚ. 

 

ʈʠʩ. 1. ɿʘʛʘʣʴʥʘ ʘʨʭʽʪʝʢʪʫʨʘ Swin Transformer [4] 

ʆʩʥʦʚʥʠʤ ʝʣʝʤʝʥʪʦʤ ʘʨʭʽʪʝʢʪʫʨʠ ʻ ʤʝʭʘʥʽʟʤ Window-based Multi-Head 

Self-Attention, W-MSA, ʷʢʠʡ ʦʙʤʝʞʫʻ ʦʙʯʠʩʣʝʥʥʷ ʫʚʘʛʠ ʣʦʢʘʣʴʥʠʤʠ 

ʥʝʧʝʨʝʨʠʚʥʠʤʠ ʚʽʢʥʘʤʠ ʨʦʟʤʽʨʦʤ MĬM.  

ʁʦʛʦ ʦʙʯʠʩʣʶʚʘʣʴʥʘ ʩʢʣʘʜʥʽʩʪʴ ʚʠʟʥʘʯʘʻʪʴʩʷ ʷʢ: 

 ὡ ὓὛὃ τὬύὅ ςὓ ὬύὅȢρ 

ʜʝ h ʪʘ w ð ʧʨʦʩʪʦʨʦʚʽ ʨʦʟʤʽʨʠ ʢʘʨʪʠ ʦʟʥʘʢ, ʘ C ð ʢʽʣʴʢʽʩʪʴ ʢʘʥʘʣʽʚ.  
ʊʘʢʦʞ ʫ Swin Transformer ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʤʝʭʘʥʽʟʤ Shifted Window 

Attention, SW-MSA: ʤʝʞʽ ʚʽʢʦʥ ʫ ʩʫʩʽʜʥʽʭ ʰʘʨʘʭ ʟʤʽʱʫʶʪʴʩʷ ʥʘ M/2 ʧʽʢʩʝʣʽʚ 

ʫʟʜʦʚʞ ʧʨʦʩʪʦʨʦʚʠʭ ʦʩʝʡ. 
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ɹʣʦʢ Swin Transformer ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʧʦʩʣʽʜʦʚʥʦʛʦ ʯʝʨʛʫʚʘʥʥʷ W-MSA 

ʪʘ SW-MSA ʰʘʨʽʚ ʽʟ ʟʘʣʠʰʢʦʚʠʤʠ ʟʚôʷʟʢʘʤʠ ʪʘ ʰʘʨʦʚʦʶ ʥʦʨʤʘʣʽʟʘʮʽʻʶ: 

ὤͮ ὡ ὓὛὃὰὲὤ ὤ ȟ

ὤ ὊὊὔὰὲὤͮ ὤͮȟ

ὤͮ Ὓὡ ὓὛὃὰὲὤ ὤȟ

ὤ ὊὊὔὰὲὤͮ ὤͮ Ȣ

ς 

 

ʈʠʩ. 2. ɸʨʭʽʪʝʢʪʫʨʘ ʙʣʦʢʫ Swin Transformer [5] 

ʈʝʟʫʣʴʪʘʪʠ 

ʊʘʙʣ. 2. ɿʥʘʯʝʥʥʷ ʪʦʯʥʦʩʪʝʡ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʤʦʜʝʣʝʡ 

Model Test accuracy External accuracy 

Swin Baseline 0.9993 0.7893 

Swin Baseline&TTA 0.9995 0.7919 

Swin + db4 Wavelet 0.9996 0.7919 

Swin+ db4 Wavelet + TTA 0.9996 0.8020 

SVM Fusion (Baseline) 0.9991 0.8046 

K-NN Fusion (Baseline) 0.9990 0.7792 

SVM Fusion (db4) 0.9996 0.7919 

K-NN Fusion (db4) 0.9990 0.8020 

Swin + SVM + K-NN 0.9996 0.7919 

ʇʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ 

ʋ ʭʦʜʽ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʙʫʣʦ ʧʦʨʽʚʥʷʥʦ ʙʘʟʦʚʫ ʤʦʜʝʣʴ Swin Transformer, 

ʾʾ ʚʘʨʽʘʥʪʠ ʟ TTA ʪʘ ʚʝʡʚʣʝʪ-ʧʝʨʝʪʚʦʨʝʥʥʷʤ ɼʦʙʝʰʽ ʯʝʪʚʝʨʪʦʛʦ ʧʦʨʷʜʢʫ, ʘ 
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ʪʘʢʦʞ ʢʣʘʩʠʯʥʽ ʤʦʜʝʣʽ SVM ʽ K-NN ʥʘ ʦʙôʻʜʥʘʥʠʭ ʦʟʥʘʢʘʭ ʽ ʢʦʤʙʽʥʦʚʘʥʫ 

ʤʦʜʝʣʴ. 

 

ʅʘ ʪʝʩʪʦʚʦʤʫ ʥʘʙʦʨʽ ʚʩʽ ʧʽʜʭʦʜʠ ʧʨʦʜʝʤʦʥʩʪʨʫʚʘʣʠ ʤʘʡʞʝ ʽʜʝʥʪʠʯʥʽ 

ʨʝʟʫʣʴʪʘʪʠ (accuracy 0.9990ï0.9996), ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʝʬʝʢʪʠʚʥʝ ʨʦʟʜʽʣʝʥʥʷ 

ʢʣʘʩʽʚ ʥʘ ʜʘʥʠʭ, ʙʣʠʟʴʢʠʭ ʜʦ ʥʘʚʯʘʣʴʥʠʭ. ʅʘʡʢʨʘʱʽ ʟʥʘʯʝʥʥʷ (0.9996) 

ʦʪʨʠʤʘʥʦ ʜʣʷ ʤʦʜʝʣʝʡ ʽʟ ʚʝʡʚʣʝʪ-ʧʝʨʝʪʚʦʨʝʥʥʷʤ, SVM ʪʘ ʢʦʤʙʽʥʦʚʘʥʦʛʦ 

ʧʽʜʭʦʜʫ. 

ʅʘ ʟʦʚʥʽʰʥʴʦʤʫ ʥʘʙʦʨʽ ʨʽʟʥʠʮʷ ʤʽʞ ʤʦʜʝʣʷʤʠ ʩʪʘʣʘ ʧʦʤʽʪʥʦʶ. ɹʘʟʦʚʠʡ 

Swin Transformer ʜʦʩʷʛ accuracy 0.7893, ʘ ʟʘʩʪʦʩʫʚʘʥʥʷ TTA ʥʝʟʥʘʯʥʦ 

ʧʦʢʨʘʱʠʣʦ ʨʝʟʫʣʴʪʘʪ ʜʦ 0.7919. ɺʠʢʦʨʠʩʪʘʥʥʷ ʚʝʡʚʣʝʪ-ʧʝʨʝʪʚʦʨʝʥʥʷ ʨʘʟʦʤ ʽʟ 

TTA ʜʦʟʚʦʣʠʣʦ ʧʽʜʚʠʱʠʪʠ ʪʦʯʥʽʩʪʴ ʜʦ 0.8020. ʅʘʡʢʨʘʱʠʡ ʨʝʟʫʣʴʪʘʪ ʧʦʢʘʟʘʣʘ 

SVM Fusion (0.8046), ʱʦ ʩʚʽʜʯʠʪʴ ʧʨʦ ʝʬʝʢʪʠʚʥʽʩʪʴ ʧʦʻʜʥʘʥʥʷ ʛʣʠʙʦʢʠʭ ʽ 

ʪʝʢʩʪʫʨʥʠʭ ʦʟʥʘʢ. K-NN ʫ ʙʘʟʦʚʦʤʫ ʚʘʨʽʘʥʪʽ ʤʘʚ ʥʠʞʯʫ ʪʦʯʥʽʩʪʴ (0.7792), 

ʧʨʦʪʝ ʟ ʚʝʡʚʣʝʪ-ʦʟʥʘʢʘʤʠ ʜʦʩʷʛ 0.8020. 

ʉʧʠʩʦʢ ʣʽʪʝʨʘʪʫʨʠ 
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3. Vaswani A., Shazeer N., Parmar N. et al. Attention Is All You Need 

[ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. ï 2017. ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: 

https://arxiv.org/pdf/1706.03762 

4. ɺʝʡʚʣʝʪʠ ɼʦʙʝʰʽ [ɽʣʝʢʪʨʦʥʥʠʡ ʨʝʩʫʨʩ]. ï ʈʝʞʠʤ ʜʦʩʪʫʧʫ: 

https://uk.wikipedia.org/wiki/ɺʝʡʚʣʝʪʠ_ɼʦʙʝʰʽ 

5. ʈʠʩ. 1. ɿʘʛʘʣʴʥʘ ʘʨʭʽʪʝʢʪʫʨʘ Swin Transformer - ʈʝʞʠʤ ʜʦʩʪʫʧʫ: 

https://media.geeksforgeeks.org/wp-

content/uploads/20250120164009277743/Architecture.webp 

6. ʈʠʩ. 2. ɸʨʭʽʪʝʢʪʫʨʘ ʙʣʦʢʫ Swin Transformer - ʈʝʞʠʤ ʜʦʩʪʫʧʫ:  

https://www.researchgate.net/publication/368559351/figure/fig2/AS:1143128

1211813425@1702492597007/The-architecture-of-Swin-Transformer-

blocks.tif 
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ɼʆʉʃɯɼɾɽʅʅʗ ʊɸ ʈɽɸʃɯɿɸʎɯʗ ɸʃɻʆʈʀʊʄɯɺ ɿɻʆʈʊʂʆɺʀʍ 

ʅɽʁʈʆʅʅʀʍ ʄɽʈɽɾ ɼʃʗ ɿɸɼɸʏɯ ʂʃɸʉʀʌɯʂɸʎɯɰ ɻʈɸʌɯʏʅʀʍ 

ʆɹôɭʂʊɯɺ 

ʂʘʪʝʨʠʥʘ ʃʫʧʽʡ 

ʃʴʚʽʚʩʴʢʠʡ ʥʘʮʽʦʥʘʣʴʥʠʡ ʫʥʽʚʝʨʩʠʪʝʪ ʽʤʝʥʽ ɯʚʘʥʘ ʌʨʘʥʢʘ, 

ʌʘʢʫʣʴʪʝʪ ʧʨʠʢʣʘʜʥʦʾ ʤʘʪʝʤʘʪʠʢʠ ʪʘ ʽʥʬʦʨʤʘʪʠʢʠ 

KATERYNA.LUPII@lnu.edu.ua 

ɸʢʪʫʘʣʴʥʽʩʪʴ ʪʘ ʤʝʪʘ ʜʦʩʣʽʜʞʝʥʥʷ  

ɸʢʪʫʘʣʴʥʽʩʪʴ ʜʦʩʣʽʜʞʝʥʥʷ ʟʫʤʦʚʣʝʥʘ ʰʠʨʦʢʠʤ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʩʠʩʪʝʤ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʚ ʘʚʪʦʥʦʤʥʦʤʫ ʪʨʘʥʩʧʦʨʪʽ, ʤʝʜʠʮʠʥʽ, ʩʠʩʪʝʤʘʭ ʙʝʟʧʝʢʠ ʪʘ 

ʧʨʦʤʠʩʣʦʚʦʩʪʽ. ʆʜʥʠʤ ʽʟ ʥʘʡʝʬʝʢʪʠʚʥʽʰʠʭ ʤʝʪʦʜʽʚ ʦʙʨʦʙʢʠ ʟʦʙʨʘʞʝʥʴ ʻ 

ʟʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (CNN), ʷʢʽ ʟʘʙʝʟʧʝʯʫʶʪʴ ʘʚʪʦʤʘʪʠʯʥʝ ʬʦʨʤʫʚʘʥʥʷ 

ʦʟʥʘʢ ʙʝʟ ʨʫʯʥʦʛʦ feature engineering. ʄʝʪʦʶ ʨʦʙʦʪʠ ʻ ʨʝʘʣʽʟʘʮʽʷ ʪʘ 

ʧʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ CNN-ʘʨʭʽʪʝʢʪʫʨ, ʘ ʪʘʢʦʞ ʜʦʩʣʽʜʞʝʥʥʷ ʚʧʣʠʚʫ 

ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʘʫʛʤʝʥʪʘʮʽʾ ʪʘ Transfer Learning ʥʘ ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ 

ʛʨʘʬʽʯʥʠʭ ʦʙôʻʢʪʽʚ. 

ʄʘʪʝʤʘʪʠʯʥʠʡ ʘʧʘʨʘʪ ʪʘ ʘʨʭʽʪʝʢʪʫʨʘ CNN  

ʆʩʥʦʚʦʶ CNN ʻ ʜʠʩʢʨʝʪʥʘ ʦʧʝʨʘʮʽʷ ʟʛʦʨʪʢʠ, ʱʦ ʚʠʢʦʥʫʻ ʣʦʢʘʣʴʥʝ 

ʧʝʨʝʪʚʦʨʝʥʥʷ ʚʭʽʜʥʦʛʦ ʪʝʥʟʦʨʘ ʦʟʥʘʢ, ʷʢʘ ʧʦʩʣʽʜʦʚʥʦ ʟʘʩʪʦʩʦʚʫʻ ʷʜʨʘ ʬʽʣʴʪʨʽʚ 

ʜʦ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ, ʬʦʨʤʫʶʯʠ ʢʘʨʪʠ ʦʟʥʘʢ: 

ώὭȟὮ ВάВὲὼὭ άȟὮ ὲ ύάȟὲ  (1) 

ʜʝ ὼὭȟὮð ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ, ύάȟὲ ð  ̫ ʜʨʦ ʬʽʣʴʪʨʘ, ώὭȟὮ ð ʢʘʨʪʘ ʦʟʥʘʢ. 

ɼʣʷ ʙʘʛʘʪʦʢʣʘʩʦʚʦʾ ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʬʫʥʢʮʽʷ Softmax: 

ὖώ
В

  (2) 

ʜʝ ὖώ  ð ʡʤʦʚʽʨʥʽʩʪʴ ʥʘʣʝʞʥʦʩʪʽ ʟʦʙʨʘʞʝʥʥʷ ʜʦ Ὥ-ʛʦ ʢʣʘʩʫ; ᾀ ð ʚʠʭʽʜʥʝ 

ʟʥʘʯʝʥʥʷ (ʣʦʛʽʪ) ʜʣʷ Ὥ-ʛʦ ʢʣʘʩʫ; Ὡ  ð ʝʢʩʧʦʥʝʥʪʘ ʣʦʛʽʪʘ; ВὩ  ð ʩʫʤʘ 

ʝʢʩʧʦʥʝʥʪ ʣʦʛʽʪʽʚ ʜʣʷ ʚʩʽʭ ʢʣʘʩʽʚ, ʘ ʷʢʽʩʪʴ ʤʦʜʝʣʽ ʦʮʽʥʶʻʪʴʩʷ ʟʘ ʜʦʧʦʤʦʛʦʶ 

ʬʫʥʢʮʽʾ ʚʪʨʘʪ Cross-Entropy Loss: 

ὒ ВὭώ ὰzέὫώͮ   (3) 

ʜʝ ώ ð ʩʧʨʘʚʞʥʷ ʤʽʪʢʘ ʢʣʘʩʫ, ώͮ ð ʧʝʨʝʜʙʘʯʝʥʘ ʡʤʦʚʽʨʥʽʩʪʴ. ʆʩʥʦʚʥʠʤʠ 

ʢʦʤʧʦʥʝʥʪʘʤʠ CNN ʻ ʟʛʦʨʪʢʦʚʽ ʰʘʨʠ, ʰʘʨʠ ʧʽʜʚʠʙʽʨʢʠ (max pooling), ʬʫʥʢʮʽʾ 

ʘʢʪʠʚʘʮʽʾ ReLU, Batch Normalization ʪʘ ʧʦʚʥʦʟʚôʷʟʥʽ ʰʘʨʠ ʜʣʷ ʬʽʥʘʣʴʥʦʾ 

ʢʣʘʩʠʬʽʢʘʮʽʾ. ʋ ʨʦʙʦʪʽ ʨʦʟʛʣʷʥʫʪʦ ʘʨʭʽʪʝʢʪʫʨʠ VGG, ResNet ʪʘ EfficientNet, ʱʦ 
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ʚʽʜʨʽʟʥʷʶʪʴʩʷ ʛʣʠʙʠʥʦʶ ʡ ʩʪʨʫʢʪʫʨʦʶ ʤʝʨʝʞʽ. ResNet ʟʘʙʝʟʧʝʯʫʻ ʩʪʘʙʽʣʴʥʽʰʝ 

ʥʘʚʯʘʥʥʷ ʛʣʠʙʦʢʠʭ ʤʦʜʝʣʝʡ ʟʘʚʜʷʢʠ ʟʘʣʠʰʢʦʚʠʤ ʟôʻʜʥʘʥʥʷʤ (skip 

connections), ʷʢʽ ʟʤʝʥʰʫʶʪʴ ʧʨʦʙʣʝʤʫ ʟʘʪʫʭʘʥʥʷ ʛʨʘʜʽʻʥʪʽʚ. 

ɼʘʪʘʩʝʪ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʝ ʩʝʨʝʜʦʚʠʱʝ  

ɼʣʷ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʚʠʢʦʨʠʩʪʘʥʦ ʜʘʪʘʩʝʪ CIFAR-10, ʱʦ ʤʽʩʪʠʪʴ 60 000 

ʢʦʣʴʦʨʦʚʠʭ ʟʦʙʨʘʞʝʥʴ ʨʦʟʤʽʨʦʤ 32Ĭ32 ʧʽʢʩʝʣʽ, ʨʦʟʧʦʜʽʣʝʥʠʭ ʤʽʞ 10 ʢʣʘʩʘʤʠ. 

ɺʠʙʽʨʢʫ ʧʦʜʽʣʝʥʦ ʥʘ ʥʘʚʯʘʣʴʥʫ, ʚʘʣʽʜʘʮʽʡʥʫ ʪʘ ʪʝʩʪʦʚʫ ʯʘʩʪʠʥʠ. ʅʘʚʯʘʥʥʷ 

ʤʦʜʝʣʝʡ ʧʨʦʚʦʜʠʣʦʩʷ ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ GPU NVIDIA RTX 3060 (12 ɻɹ VRAM) 

ʪʘ ʙʽʙʣʽʦʪʝʢʠ PyTorch 2.6 ʟ ʧʽʜʪʨʠʤʢʦʶ CUDA 12.1. 

ɽʢʩʧʝʨʠʤʝʥʪʘʣʴʥʝ ʜʦʩʣʽʜʞʝʥʥʷ  

ʇʦʨʽʚʥʷʥʥʷ ʘʨʭʽʪʝʢʪʫʨ ʧʦʢʘʟʘʣʦ, ʱʦ ʤʦʜʝʣʽ ʪʠʧʫ VGG ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʚʠʩʦʢʫ ʪʦʯʥʽʩʪʴ, ʘʣʝ ʧʦʪʨʝʙʫʶʪʴ ʟʥʘʯʥʠʭ ʦʙʯʠʩʣʶʚʘʣʴʥʠʭ ʨʝʩʫʨʩʽʚ. ResNet-18 

ʜʝʤʦʥʩʪʨʫʻ ʢʨʘʱʠʡ ʙʘʣʘʥʩ ʤʽʞ ʪʦʯʥʽʩʪʶ ʪʘ ʰʚʠʜʢʽʩʪʶ ʥʘʚʯʘʥʥʷ ʟʘʚʜʷʢʠ 

residual-ʟôʻʜʥʘʥʥʷʤ, ʪʦʜʽ ʷʢ EfficientNet-B0 ʟʘʙʝʟʧʝʯʫʻ ʚʠʩʦʢʫ ʦʙʯʠʩʣʶʚʘʣʴʥʫ 

ʝʬʝʢʪʠʚʥʽʩʪʴ. 

ʈʝʘʣʽʟʦʚʘʥʦ ʩʝʨʽʶ ʟ ʧôʷʪʠ ʛʨʫʧ ʝʢʩʧʝʨʠʤʝʥʪʽʚ ʽʟ CNN-ʘʨʭʽʪʝʢʪʫʨʘʤʠ 

ʨʽʟʥʦʾ ʛʣʠʙʠʥʠ (ʚʽʜ 3 ʜʦ 8 ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʽʚ) ʪʘ ʧʨʦʚʝʜʝʥʦ ʧʦʨʽʚʥʷʣʴʥʠʡ ʘʥʘʣʽʟ 

ʚʧʣʠʚʫ Dropout, Batch Normalization ʽ Data Augmentation ʥʘ ʪʦʯʥʽʩʪʴ 

ʢʣʘʩʠʬʽʢʘʮʽʾ. ʗʢ ʦʧʪʠʤʽʟʘʪʦʨ ʫ ʚʩʽʭ ʢʦʥʬʽʛʫʨʘʮʽʷʭ ʦʙʨʘʥʦ Adam ʟ ʟʥʘʯʝʥʥʷʤ 

learning rate = 0.001; ʤʝʥʰʽ ʟʥʘʯʝʥʥʷ batch size (32 ʧʨʦʪʠ 128) ʟʘʙʝʟʧʝʯʫʶʪʴ 

ʪʦʯʥʽʰʝ ʦʥʦʚʣʝʥʥʷ ʚʘʛ ʮʽʥʦʶ ʟʙʽʣʴʰʝʥʥʷ ʯʘʩʫ ʥʘʚʯʘʥʥʷ ʧʨʠʙʣʠʟʥʦ ʥʘ 35%. 

ʆʥʦʚʣʝʥʥʷ ʚʘʛ ʤʦʜʝʣʽ ʚʠʢʦʥʫʻʪʴʩʷ ʤʝʪʦʜʦʤ ʛʨʘʜʽʻʥʪʥʦʛʦ ʩʧʫʩʢʫ: 

ύḧύ ​ὒ (4) 

ʜʝ ύ ð ʚʘʛʦʚʽ ʢʦʝʬʽʮʽʻʥʪʠ,  ð learning rate, ​ὒ ð ʛʨʘʜʽʻʥʪ ʬʫʥʢʮʽʾ ʚʪʨʘʪ. 

ɺʩʪʘʥʦʚʣʝʥʦ, ʱʦ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʟʛʦʨʪʢʦʚʠʭ ʰʘʨʽʚ ʧʦʥʘʜ 6 

ʧʽʜʚʠʱʫʻ ʦʙʯʠʩʣʶʚʘʣʴʥʫ ʩʢʣʘʜʥʽʩʪʴ ʙʝʟ ʩʫʪʪʻʚʦʛʦ ʧʨʠʨʦʩʪʫ ʪʦʯʥʦʩʪʽ. 

ɿʘʩʪʦʩʫʚʘʥʥʷ Data Augmentation ʫ ʧʦʻʜʥʘʥʥʽ ʟ Dropout(0.5) ʪʘ L2-

ʨʝʛʫʣʷʨʠʟʘʮʽʻʶ ʟʥʠʟʠʣʦ ʧʝʨʝʥʘʚʯʘʥʥʷ ʪʘ ʧʽʜʚʠʱʠʣʦ ʪʦʯʥʽʩʪʴ ʟ 78.4% ʜʦ 

84.1%. ɺʠʢʦʨʠʩʪʘʥʥʷ Transfer Learning ʥʘ ʙʘʟʽ ResNet-18 ʜʦʟʚʦʣʠʣʦ ʧʽʜʚʠʱʠʪʠ 

ʪʦʯʥʽʩʪʴ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʦ 91.2% ʽ ʩʢʦʨʦʪʠʪʠ ʢʽʣʴʢʽʩʪʴ ʝʧʦʭ ʥʘʚʯʘʥʥʷ ʟ 40 ʜʦ 20. 
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ʊʘʙʣ. 1. ʇʦʨʽʚʥʷʥʥʷ ʢʦʥʬʽʛʫʨʘʮʽʡ ʤʦʜʝʣʝʡ ʥʘ ʜʘʪʘʩʝʪʽ CIFAR-10 

ʄʦʜʝʣʴ Accuracy Precision Recall F1-

score 

ɽʧʦʭʠ Training 

time 

Simple CNN 69.7% 0.70 0.70 0.69 10 1.2 

ʭʚ/ʝʧʦʭʘ 

CNN + 

Augmentation 

74.3% 0.74 0.74 0.74 10 1.5 

ʭʚ/ʝʧʦʭʘ 

CNN + Dropout 72.8% 0.73 0.73 0.72 10 1.3 

ʭʚ/ʝʧʦʭʘ 

ResNet-18 

Transfer Learning 

91.2% 0.91 0.91 0.91 20 0.7 

ʭʚ/ʝʧʦʭʘ 

 

 
ʈʠʩ. 1. Confusion matrix ʜʣʷ ʤʦʜʝʣʽ ResNet-18 ʥʘ ʪʝʩʪʦʚʽʡ ʚʠʙʽʨʮʽ CIFAR-10. 

ɸʥʘʣʽʟ confusion matrix ʧʦʢʘʟʘʚ, ʱʦ ʤʦʜʝʣʴ ʥʘʡʯʘʩʪʽʰʝ ʧʦʤʠʣʷʻʪʴʩʷ ʤʽʞ 

ʚʽʟʫʘʣʴʥʦ ʩʭʦʞʠʤʠ ʢʣʘʩʘʤʠ, ʟʦʢʨʝʤʘ cat/dog ʪʘ automobile/truck. ɺʦʜʥʦʯʘʩ 

ʢʣʘʩʠ ship, airplane ʪʘ frog ʢʣʘʩʠʬʽʢʫʶʪʴʩʷ ʟ ʚʠʩʦʢʦʶ ʪʦʯʥʽʩʪʶ, ʱʦ ʩʚʽʜʯʠʪʴ 

ʧʨʦ ʭʦʨʦʰʫ ʫʟʘʛʘʣʴʥʶʶʯʫ ʟʜʘʪʥʽʩʪʴ ʤʦʜʝʣʽ. 

 


