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çʇʨʦʙʣʝʤʳ ʦʧʪʠʤʠʟʘʮʠʠ ʩʣʦʞʥʳʭ ʩʠʩʪʝʤè 

 

ʋʚʘʞʘʝʤʳʝ ʫʯʘʩʪʥʠʢʠ h ʢʦʣʳ-ʩʝʤʠʥʘʨʘ, ʛʦʩʪʠ, ʢʦʣʣʝʛʠ, ʜʦʨʦʛʠʝ ʜʦʢʪʦʨʘʥʪʳ, 

ʤʘʛʠʩʪʨʘʥʪʳ ʠ ʩʪʫʜʝʥʪʳ! 

 

 

ʇʨʠʚʝʪʩʪʚʫʶ ɺʘʩ ʠ ʧʦʟʜʨʘʚʣʷʶ ʩ ʥʘʯʘʣʦʤ ʨʘʙʦʪʳ ʰʢʦʣʳ-ʩʝʤʠʥʘʨʘ! ɺ ʨʘʙʦʪʝ 

ɼʚʘʜʮʘʪʴ ʚʪʦʨʦʡ ʄʝʞʜʫʥʘʨʦʜʥʦʡ ɸʟʠʘʪʩʢʦʡ ʰʢʦʣʳ-ʩʝʤʠʥʘʨʘ çʇʨʦʙʣʝʤʳ ʦʧʪʠʤʠʟʘʮʠʠ 

ʩʣʦʞʥʳʭ ʩʠʩʪʝʤè ʧʨʠʥʠʤʘʶʪ ʫʯʘʩʪʠʝ ʚʠʜʥʳʝ ʫʯʝʥʳʝ ʠʟ ʙʣʠʞʥʝʛʦ ʠ ʜʘʣʴʥʝʛʦ ʟʘʨʫʙʝʞʴʷ, 

ʦʪʝʯʝʩʪʚʝʥʥʳʝ ʫʯʝʥʳʝ ʚʝʜʫʱʠʭ ɺʋɿʦʚ ʈʂ ʠ ʥʘʫʯʥʦ-ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʠʥʩʪʠʪʫʪʦʚ. 

ʂʦʥʬʝʨʝʥʮʠʷ ʙʫʜʝʪ ʧʨʦʚʦʜʠʪʴʩʷ ʚ ʦʬʬʣʘʡʥ ʠ ʦʥʣʘʡʥ-ʨʝʞʠʤʝ. 

ʕʪʦʪ ʧʨʘʟʜʥʠʢ ʷʚʣʷʝʪʩʷ ʚʘʞʥʳʤ ʩʦʙʳʪʠʝʤ ʥʝ ʪʦʣʴʢʦ ʜʣʷ ʫʥʠʚʝʨʩʠʪʝʪʦʚ ʠ ʥʘʫʯʥʦ-

ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʠʥʩʪʠʪʫʪʦʚ, ʥʦ ʠ ʜʣʷ ʚʩʝʭ ʩʪʨʘʥ, ʧʨʠʥʠʤʘʶʱʠʭ ʫʯʘʩʪʠʝ ʚ ʤʝʨʦʧʨʠʷʪʠʠ, 

ʘ ʪʘʢʞʝ ʪʳʩʷʯ ʥʘʫʯʥʳʭ ʨʘʙʦʪʥʠʢʦʚ, ʧʨʦʞʠʚʘʶʱʠʭ ʚ ʜʝʩʷʪʢʘʭ ʩʪʨʘʥʘʭ ʤʠʨʘ. 

ʇʨʦʚʝʜʝʥʠʝ ʥʘʰʝʡ ʝʞʝʛʦʜʥʦʡ ʄʝʞʜʫʥʘʨʦʜʥʦʡ ɸʟʠʘʪʩʢʦʡ ʰʢʦʣʳ-ʩʝʤʠʥʘʨʘ ʩʪʘʣʦ 

ʭʦʨʦʰʝʡ ʪʨʘʜʠʮʠʝʡ. ʉ ʢʘʞʜʳʤ ʛʦʜʦʤ ʨʘʩʪʝʪ ʯʠʩʣʦ ʫʯʘʩʪʥʠʢʦʚ ʢʦʥʬʝʨʝʥʮʠʠ, ʧʦʚʳʰʘʝʪʩʷ 

ʢʘʯʝʩʪʚʦ ʠʭ ʚʳʩʪʫʧʣʝʥʠʡ ʠ ʧʫʙʣʠʢʘʮʠʡ. ʊʨʘʜʠʮʠʦʥʥʦ ʚ ʨʘʙʦʪʝ ʢʦʥʬʝʨʝʥʮʠʡ ʫʯʘʩʪʚʫʶʪ 

ʫʯʝʥʳʝ ʠ ʩʧʝʮʠʘʣʠʩʪʳ ʠʟ ʂʘʟʘʭʩʪʘʥʘ, ʈʦʩʩʠʠ, ʂʳʨʛʳʟʩʪʘʥʘ, ʋʟʙʝʢʠʩʪʘʥʘ, ʉʐɸ, ʋʢʨʘʠʥʳ, 

ʇʦʣʴʰʠ, ʊʫʨʮʠʠ, ʀʪʘʣʠʠ, ʄʘʣʘʡʟʠʠ, ʀʨʘʥʘ ʠ ʜʨʫʛʠʭ ʩʪʨʘʥ. ʀʭ ʟʘʠʥʪʝʨʝʩʦʚʘʥʥʦʝ ʫʯʘʩʪʠʝ 

ʧʨʠʜʘʝʪ ʥʘʰʝʤʫ ʤʝʨʦʧʨʠʷʪʠʶ ʤʝʞʜʫʥʘʨʦʜʥʦʝ ʠʟʤʝʨʝʥʠʝ. 

ʎʝʣʴʶ ʧʨʦʚʝʜʝʥʠʷ ʵʪʦʛʦ ʤʝʨʦʧʨʠʷʪʠʷ ʷʚʣʷʝʪʩʷ ʦʙʲʝʜʠʥʝʥʠʝ ʥʘʫʯʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ 

ʨʦʩʩʠʡʩʢʠʭ ʠ ʘʟʠʘʪʩʢʠʭ (ʧʨʝʞʜʝ ʚʩʝʛʦ ʩʪʨʘʥ ʉʅɻ) ʫʯʝʥʳʭ, ʦʙʤʝʥ ʦʧʳʪʦʤ ʧʦ ʨʷʜʫ ʧʨʦʙʣʝʤ 

ʩʦʚʨʝʤʝʥʥʦʡ ʥʘʫʢʠ, ʘ ʪʘʢʞʝ ʧʝʨʝʜʘʯʘ ʵʪʦʛʦ ʦʧʳʪʘ ʤʦʣʦʜʳʤ ʥʘʫʯʥʳʤ ʩʦʪʨʫʜʥʠʢʘʤ, 

ʘʩʧʠʨʘʥʪʘʤ ʠ ʩʪʫʜʝʥʪʘʤ ʩʪʘʨʰʠʭ ʢʫʨʩʦʚ. 

ʅʘʨʘʱʠʚʘʥʠʝ ʧʦʪʝʥʮʠʘʣʘ ʦʪʝʯʝʩʪʚʝʥʥʦʡ ʥʘʫʢʠ, ʵʬʬʝʢʪʠʚʥʦʝ ʠʩʧʦʣʴʟʦʚʘʥʠʝ 

ʨʝʟʫʣʴʪʘʪʦʚ ʠʩʩʣʝʜʦʚʘʥʠʡ ʠ ʫʩʢʦʨʝʥʥʦʝ ʚʥʝʜʨʝʥʠʝ ʠʭ ʚ ʧʨʘʢʪʠʢʫ ï ʚʘʞʥʝʡʰʠʝ ʧʨʠʦʨʠʪʝʪʳ 

ʛʦʩʫʜʘʨʩʪʚʝʥʥʦʡ ʧʦʣʠʪʠʢʠ. ʆʩʦʙʝʥʥʦ ʚʘʞʥʦ, ʯʪʦ ʚ ʵʪʫ ʨʘʙʦʪʫ ʚʢʣʶʯʝʥʳ ʪʘʣʘʥʪʣʠʚʳʝ 

ʩʪʫʜʝʥʪʳ ʠ ʤʦʣʦʜʳʝ ʫʯʝʥʳʝ, ʧʨʠʟʚʘʥʥʳʝ ʦʧʨʝʜʝʣʷʪʴ ʥʝ ʪʦʣʴʢʦ ʥʘʩʪʦʷʱʝʝ, ʥʦ ʠ ʙʫʜʫʱʝʝ 

ʢʘʟʘʭʩʪʘʥʩʢʦʡ ʠ ʤʠʨʦʚʦʡ ʥʘʫʢʠ, ʚʩʝʛʦ ʥʘʰʝʛʦ ʦʙʱʝʩʪʚʘ. ʅʘʰʠʤʠ ʧʘʨʪʥʝʨʘʤʠ ʠ 

ʦʨʛʘʥʠʟʘʪʦʨʘʤʠ ʵʪʦʛʦ ʤʝʨʦʧʨʠʷʪʠʷ ʷʚʣʷʶʪʩʷ ʀʥʩʪʠʪʫʪ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʪʝʭʥʦʣʦʛʠʡ ʂʅ ʄʅɺʆ ʈʂ (ʈʝʩʧʫʙʣʠʢʘ ʂʘʟʘʭʩʪʘʥ, ʛ. ɸʣʤʘʪʳ), ʂʘʟʘʭʩʢʠʡ 

ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ (ʈʝʩʧʫʙʣʠʢʘ ʂʘʟʘʭʩʪʘʥ, ʛ.ɸʣʤʘʪʳ), ʀʥʩʪʠʪʫʪ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦʡ ʤʘʪʝʤʘʪʠʢʠ ʠ ʤʘʪʝʤʘʪʠʯʝʩʢʦʡ ʛʝʦʬʠʟʠʢʠ ʉʆ ʈɸʅ (ʈʦʩʩʠʷ, 

ʛ.ʅʦʚʦʩʠʙʠʨʩʢ), ʄʦʩʢʦʚʩʢʠʡ ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʛʝʦʜʝʟʠʠ ʠ ʢʘʨʪʦʛʨʘʬʠʠ 

(ʄʀʀɻɸʠʂ) (ʈʦʩʩʠʷ, ʛ.ʄʦʩʢʚʘ), ʋʨʛʝʥʯʩʢʠʡ ʬʠʣʠʘʣ ʊʘʰʢʝʥʪʩʢʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ (ʈʝʩʧʫʙʣʠʢʘ ʋʟʙʝʢʠʩʪʘʥ, ʛ.ʋʨʛʝʥʯ), ʂʳʨʛʳʟʩʢʠʡ 

ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ɾʫʩʫʧʘ ɹʘʣʘʩʘʛʳʥʘ (ʂʳʨʛʳʟʩʢʘʷ ʈʝʩʧʫʙʣʠʢʘ, ʛ. ɹʠʰʢʝʢ) 

ʋʥʠʚʝʨʩʠʪʝʪ ʈʘʟʠ, ʢʘʬʝʜʨʘ ʤʘʪʝʤʘʪʠʢʠ (ʀʨʘʥ, ʛ. ʂʝʨʤʘʥʰʘʭ) ʀʛʜʠʨʩʢʠʡ ʫʥʠʚʝʨʩʠʪʝʪ, 

ʢʘʬʝʜʨʘ ʤʘʪʝʤʘʪʠʢʠ (ʊʫʨʮʠʷ, ʛ. ʀʛʜʠʨ). ʇʨʠ ʧʦʜʜʝʨʞʢʝ ʉʠʙʠʨʩʢʦʡ ʈʦʩʩʠʡʩʢʦʡ ʉʝʢʮʠʠ R8 

IEEE (ʈʦʩʩʠʷ, ʛ. ʅʦʚʦʩʠʙʠʨʩʢ). 

ʅʘʜʝʶʩʴ, ʧʦʣʫʯʝʥʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʙʫʜʫʪ ʧʦʣʝʟʥʳ ʚʩʝʤ ʫʯʘʩʪʥʠʢʘʤ, ʚ ʧʝʨʚʫʶ ʦʯʝʨʝʜʴ 

ʧʦʟʚʦʣʠʪ ʨʘʟʚʠʚʘʪʴ ʠ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʪʴ ʩʠʩʪʝʤʫ ʧʦʜʛʦʪʦʚʢʠ ʩʧʝʮʠʘʣʠʩʪʦʚ ʜʣʷ ʵʢʦʥʦʤʠʢʠ 

ʥʘʰʠʭ ʩʪʨʘʥ, ʘ ʧʨʝʜʣʦʞʝʥʥʳʝ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʝʡʩʪʚʠʪʝʣʴʥʦ ʥʘʡʜʫʪ ʩʚʦʝ ʧʨʠʤʝʥʝʥʠʝ ʚ 

ʧʨʘʢʪʠʯʝʩʢʦʡ ʜʝʷʪʝʣʴʥʦʩʪʠ. ʋʚʝʨʝʥ, ʧʨʦʚʦʜʠʤʘʷ ʰʢʦʣʘ-ʩʝʤʠʥʘʨ ʥʝ ʩʪʘʥʝʪ ʨʷʜʦʚʳʤ 

ʩʦʙʳʪʠʝʤ, ʧʨʦʡʜʝʪ ʚ ʜʫʭʝ ʪʚʦʨʯʝʩʪʚʘ, ʩʪʘʥʝʪ ʧʣʦʱʘʜʢʦʡ ʜʣʷ ʦʙʩʫʞʜʝʥʠʷ, ʜʝʡʩʪʚʠʪʝʣʴʥʦ, 

ʘʢʪʫʘʣʴʥʳʭ ʠ ʚʘʞʥʳʭ ʧʨʦʙʣʝʤ ʠ ʧʦʤʦʞʝʪ ʥʘʡʪʠ ʧʫʪʠ ʠʭ ʨʝʰʝʥʠʷ. ɾʝʣʘʶ ʚʩʝʤ ʫʯʘʩʪʥʠʢʘʤ 

ʰʢʦʣʳ-ʩʝʤʠʥʘʨʘ ʠ ʛʦʩʪʷʤ ʧʣʦʜʦʪʚʦʨʥʳʭ ʜʠʩʢʫʩʩʠʡ ʠ ʥʦʚʳʭ ʜʦʩʪʠʞʝʥʠʡ! 
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ʗ ʭʦʯʫ ʧʦʞʝʣʘʪʴ ʚʩʝʤ ʩʝʛʦʜʥʷ ʧʣʦʜʦʪʚʦʨʥʦʡ ʨʘʙʦʪʳ ʠ, ʯʪʦʙʳ ʠʜʝʠ, ʢʦʪʦʨʳʝ 

ʚʳʩʢʘʟʳʚʘʣʠʩʴ, ʟʘʪʝʤ ʧʨʝʪʚʦʨʷʣʠʩʴ ʚ ʞʠʟʥʴ. ʕʪʦ ʯʨʝʟʚʳʯʘʡʥʦ ʚʘʞʥʦ ʥʝ ʪʦʣʴʢʦ ʜʣʷ ʫʯʝʥʳʭ, 

ʢʦʪʦʨʳʝ ʫʞʝ ʩʦʩʪʦʷʣʠʩʴ, ʥʦ ʝʱʝ ʙʦʣʝʝ ʚʘʞʥʦ ʜʣʷ, ʩʪʫʜʝʥʪʦʚ, ʤʘʛʠʩʪʨʘʥʪʦʚ, ʜʦʢʪʦʨʘʥʪʦʚ ʠ 

ʚʦʦʙʱʝ ʜʣʷ ʥʘʫʯʥʦʡ ʤʦʣʦʜʝʞʠ. 

ɺʳʨʘʞʘʶ ʙʣʘʛʦʜʘʨʥʦʩʪʴ ʚʩʝʤ ʫʯʘʩʪʥʠʢʘʤ ɼʚʘʜʮʘʪʴ ʚʪʦʨʦʡ ʄʝʞʜʫʥʘʨʦʜʥʦʡ 

ɸʟʠʘʪʩʢʦʡ ʰʢʦʣʳ-ʩʝʤʠʥʘʨʘ ʠ ʛʦʩʪʷʤ, ʢʦʪʦʨʳʝ ʥʘʰʣʠ ʚʨʝʤʷ, ʯʪʦʙʳ ʧʨʠʥʷʪʴ ʫʯʘʩʪʠʝ ʚ 

ʢʦʥʬʝʨʝʥʮʠʠ. ɾʝʣʘʶ ʧʣʦʜʦʪʚʦʨʥʳʭ ʜʠʩʢʫʩʩʠʡ ʠ ʥʦʚʳʭ ʜʦʩʪʠʞʝʥʠʡ! ɾʝʣʘʶ ʚʩʝʤ ɺʘʤ 

ʢʨʝʧʢʦʛʦ ʟʜʦʨʦʚʴʷ, ʠʥʪʝʨʝʩʥʦʡ ʨʘʙʦʪʳ ʠ ʧʦʣʝʟʥʳʭ ʜʝʣʦʚʳʭ ʢʦʥʪʘʢʪʦʚ! 

 

 

 

ʇʨʝʜʩʝʜʘʪʝʣʴ ʇʨʦʛʨʘʤʤʥʦʛʦ ʢʦʤʠʪʝʪʘ, 

ʘʢʘʜʝʤʠʢ ʅɸʅ ʈʂ ʄ.ʅ. ʂʘʣʠʤʦʣʜʘʝʚ 
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ʉɽʂʎʀʗ 1 

 

 

 

 ץʳ ʤʘʪʝʤʘʪʠʢʘʣʳסʣʛʽʥʽ ʪʘʥʫʜʘװ ʣʢʝʥ ʜʝʨʝʢʪʝʨʜʽ ʪʘʣʜʘʫ ʞᴅʥʝת

ʤʦʜʝʣʴʜʝʨ ʞᴅʥʝ ʦשʪʘʡʣʘʥʜʳʨʫ ʤᴅʩʝʣʝʣʝʨʽ 

 

 

ʄʘʪʝʤʘʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ ʠ ʦʧʪʠʤʠʟʘʮʠʦʥʥʳʝ ʟʘʜʘʯʠ ʚ ʘʥʘʣʠʟʝ ʙʦʣʴʰʠʭ 

ʜʘʥʥʳʭ ʠ ʨʘʩʧʦʟʥʘʚʘʥʠʷ ʦʙʨʘʟʦʚ 
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pattern recognition 



8  

AI  MAMACARE:  ʄʋʃʔʊʀɸɻɽʅʊʅɸʗ ʇʃɸʊʌʆʈʄɸ ʅɸ ʆʉʅʆɺɽ ɹʆʃʔʐʀʍ 

ʗɿʓʂʆɺʓʍ ʄʆɼɽʃɽʁ ɼʃʗ ʇʆɼɼɽʈɾʂʀ ʄʆʃʆɼʓʍ ʄɸʊɽʈɽʁ ʀ ɺʈɸʏɽʁ 

 

ʄʘʥʩʫʨʦʚʘ ʄ.ɽ., ʄײʩʘ ɸ. 

ʂʘʟʘʭʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 
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ɸʥʥʦʪʘʮʠʷ. ɹʦʣʴʰʠʝ ʷʟʳʢʦʚʳʝ ʤʦʜʝʣʠ ʚʩʸ ʟʘʤʝʪʥʝʝ ʤʝʥʷʶʪ ʤʝʜʠʮʠʥʫ. ʆʥʠ ʫʞʝ 

ʨʘʟʙʠʨʘʶʪ ʢʣʠʥʠʯʝʩʢʠʝ ʚʦʧʨʦʩʳ ʧʦʯʪʠ ʥʘʨʘʚʥʝ ʩ ʚʨʘʯʦʤ ʠ ʧʦʩʪʝʧʝʥʥʦ ʩʪʘʥʦʚʷʪʩʷ 

ʢʘʥʘʣʦʤ ʢʨʫʛʣʦʩʫʪʦʯʥʦʡ ʧʦʜʜʝʨʞʢʠ ʧʘʮʠʝʥʪʦʚ. ʆʩʦʙʝʥʥʦ ʦʩʪʨʦ ʪʘʢʘʷ ʧʦʜʜʝʨʞʢʘ ʥʫʞʥʘ 

ʞʝʥʱʠʥʘʤ ʧʦʩʣʝ ʨʦʜʦʚ, ʢʦʛʜʘ ʨʠʩʢ ʜʝʧʨʝʩʩʠʠ ʚʳʩʦʢ, ʘ ʩʦʧʨʦʚʦʞʜʝʥʠʷ ʥʝ ʭʚʘʪʘʝʪ. 

ʇʨʠʚʳʯʥʳʝ ʪʝʭʥʠʯʝʩʢʠʝ ʨʝʰʝʥʠʷ ʟʜʝʩʴ ʙʫʢʩʫʶʪ: ʧʦʠʩʢ ʧʦ ʢʣʶʯʝʚʳʤ ʩʣʦʚʘʤ (TF-IDF) 

ʚʠʜʠʪ ʚ ʟʘʧʨʦʩʝ ʥʘʙʦʨ ʩʣʦʚ, ʘ ʥʝ ʩʠʪʫʘʮʠʶ, ʪʦʛʜʘ ʢʘʢ ʦʜʠʥʦʯʥʳʡ ʯʘʪ-ʙʦʪ ʥʘ ʦʩʥʦʚʝ LLM 

ʧʣʦʭʦ ʧʦʜʜʘʸʪʩʷ ʢʦʥʪʨʦʣʶ ʠ ʥʝʙʝʟʦʧʘʩʝʥ ʚ ʢʣʠʥʠʢʝ. ɺ ʩʪʘʪʴʝ ʦʧʠʩʘʥʘ AI MamaCare, 

ʜʦʚʝʨʝʥʥʘʷ ʤʝʜʠʮʠʥʩʢʘʷ ʧʣʘʪʬʦʨʤʘ, ʩʦʙʨʘʥʥʘʷ ʠʟ ʥʝʩʢʦʣʴʢʠʭ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʘʛʝʥʪʦʚ ʧʦʜ ʥʘʯʘʣʦʤ ʤʘʨʰʨʫʪʠʟʠʨʫʶʱʝʛʦ ʘʛʝʥʪʘ. ɸʛʝʥʪʳ ʚʟʘʠʤʦʜʝʡʩʪʚʫʶʪ ʜʚʫʤʷ 

ʩʧʦʩʦʙʘʤʠ: ʦʜʠʥ ʧʝʨʝʜʘʸʪ ʟʘʜʘʯʫ ʜʨʫʛʦʤʫ (Handoff) ʣʠʙʦ ʚʳʟʳʚʘʝʪ ʢʦʣʣʝʛʫ ʢʘʢ 

ʠʥʩʪʨʫʤʝʥʪ (Agent-as-Tool). ʂʘʞʜʳʡ ʠʟ ʥʠʭ ʨʘʙʦʪʘʝʪ ʧʦ ʮʠʢʣʫ ʨʘʩʩʫʞʜʝʥʠʷ ʠ ʜʝʡʩʪʚʠʷ 

(ReAct), ʦʙʣʦʞʝʥʥʦʤʫ ʥʝʩʢʦʣʴʢʠʤʠ ʫʨʦʚʥʷʤʠ ʟʘʱʠʪʳ. ʉʠʩʪʝʤʘ ʨʘʟʚʸʨʥʫʪʘ ʚʦ ʚʥʫʪʨʝʥʥʝʡ 

ʩʝʪʠ ʫʥʠʚʝʨʩʠʪʝʪʘ, ʧʦʵʪʦʤʫ ʜʘʥʥʳʝ ʧʘʮʠʝʥʪʦʚ ʥʝ ʧʦʢʠʜʘʶʪ ʜʦʚʝʨʝʥʥʳʡ ʢʦʥʪʫʨ, ʘ ʩʘʤʘ 

ʧʣʘʪʬʦʨʤʘ ʦʙʩʣʫʞʠʚʘʝʪ ʠ ʤʘʪʝʨʝʡ, ʠ ʚʨʘʯʝʡ. ʉʦʧʦʩʪʘʚʣʝʥʠʝ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ 

ʤʥʦʛʦʘʛʝʥʪʥʘʷ ʩʭʝʤʘ ʫʣʘʚʣʠʚʘʝʪ ʢʦʥʪʝʢʩʪ, ʨʘʩʧʨʝʜʝʣʷʝʪ ʨʦʣʠ ʠ ʦʙʝʨʝʛʘʝʪ ʙʝʟʦʧʘʩʥʦʩʪʴ 

ʜʠʘʣʦʛʘ ʪʱʘʪʝʣʴʥʝʝ, ʯʝʤ ʧʦʠʩʢ ʥʘ TF-IDF ʠʣʠ ʫʥʠʚʝʨʩʘʣʴʥʳʡ LLM-ʯʘʪ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʤʫʣʴʪʠʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ, ʙʦʣʴʰʠʝ ʷʟʳʢʦʚʳʝ ʤʦʜʝʣʠ, 

ʤʝʜʠʮʠʥʩʢʠʡ ʠʩʢʫʩʩʪʚʝʥʥʳʡ ʠʥʪʝʣʣʝʢʪ, ʧʦʩʣʝʨʦʜʦʚʘʷ ʜʝʧʨʝʩʩʠʷ, Handoff, Agent-as-Tool, 

ReAct, ʛʝʥʝʨʘʮʠʷ ʩ ʜʦʧʦʣʥʝʥʥʳʤ ʠʟʚʣʝʯʝʥʠʝʤ, ʜʠʘʣʦʛʦʚʳʝ ʘʩʩʠʩʪʝʥʪʳ 

 

ɺʚʝʜʝʥʠʝ. ʄʝʜʠʮʠʥʘ ʙʳʩʪʨʦ ʦʩʚʘʠʚʘʝʪ ʙʦʣʴʰʠʝ ̫ ʟʳʢʦʚʳʝ ʤʦʜʝʣʠ. ɿʘ ʧʦʩʣʝʜʥʠʝ ʛʦʜʳ 

ʦʥʠ ʥʘʫʯʠʣʠʩʴ ʨʘʟʙʠʨʘʪʴ ʢʣʠʥʠʯʝʩʢʠʝ ʟʘʧʨʦʩʳ ʧʦʯʪʠ ʥʘʨʘʚʥʝ ʩ ʚʨʘʯʦʤ [6, 7], ʘ ʜʠʘʣʦʛʦʚʳʝ 

ʘʩʩʠʩʪʝʥʪʳ ʧʨʝʚʨʘʪʠʣʠʩʴ ʚ ʨʝʘʣʴʥʳʡ ʢʘʥʘʣ, ʯʝʨʝʟ ʢʦʪʦʨʳʡ ʧʘʮʠʝʥʪ ʧʦʣʫʯʘʝʪ ʩʦʚʝʪ, ʥʝ 

ʜʦʞʠʜʘʷʩʴ ʧʨʠʸʤʘ [8]. ʇʦʩʣʝʨʦʜʦʚʦʡ ʧʝʨʠʦʜ ʧʦʢʘʟʳʚʘʝʪ ʮʝʥʥʦʩʪʴ ʪʘʢʦʡ ʧʦʤʦʱʠ ʦʩʦʙʝʥʥʦ 

ʷʩʥʦ. ɼʝʧʨʝʩʩʠʷ ʧʦʩʣʝ ʨʦʜʦʚ ʦʩʪʘʸʪʩʷ ʦʜʥʠʤ ʠʟ ʩʘʤʳʭ ʯʘʩʪʳʭ ʦʩʣʦʞʥʝʥʠʡ ʤʘʪʝʨʠʥʩʪʚʘ, ʠ, 

ʝʩʣʠ ʞʝʥʱʠʥʘ ʥʝ ʧʦʣʫʯʘʝʪ ʧʦʤʦʱʠ ʚʦʚʨʝʤʷ, ʩʪʨʘʜʘʶʪ ʠ ʤʘʪʴ, ʠ ʨʝʙʸʥʦʢ [5]. ɺ ʂʘʟʘʭʩʪʘʥʝ 

ʢʘʨʪʠʥʘ ʪʨʝʚʦʞʥʘʷ. ʇʦ ʦʮʝʥʢʝ ʖʅʀʉɽʌ, ʧʨʠʟʥʘʢʠ ʜʝʧʨʝʩʩʠʠ ʥʘʭʦʜʷʪ ʧʦʯʪʠ ʫ ʰʝʩʪʠ 

ʤʘʪʝʨʝʡ ʠʟ ʜʝʩʷʪʠ, ʠ ʵʪʦ ʦʜʠʥ ʠʟ ʩʘʤʳʭ ʚʳʩʦʢʠʭ ʧʦʢʘʟʘʪʝʣʝʡ ʚ ʤʠʨʝ [1]. ʆʢʦʣʦ 

ʧʦʣʫʤʠʣʣʠʦʥʘ ʩʝʤʝʡ ʨʘʩʪʷʪ ʜʝʪʝʡ ʙʝʟ ʚʪʦʨʦʛʦ ʨʦʜʠʪʝʣʷ, ʧʨʠʯʸʤ ʚ 97 ʩʣʫʯʘʷʭ ʠʟ 100 ʩʝʤʴʶ 

ʜʝʨʞʠʪ ʤʘʪʴ [2]. ɺʨʘʯʠ ʩʦʩʨʝʜʦʪʦʯʝʥʳ ʚ ʛʦʨʦʜʘʭ, ʪʦʛʜʘ ʢʘʢ 41 % ʞʠʪʝʣʝʡ ʩʪʨʘʥʳ ʞʠʚʸʪ ʚ 

ʩʸʣʘʭ [3], ʘ ʠʟʦʣʷʮʠʶ ʫʩʠʣʠʚʘʝʪ ʟʘʥʷʪʦʩʪʴ: ʨʘʙʦʪʘʶʪ ʣʠʰʴ 37 % ʤʘʪʝʨʝʡ ʩ ʜʝʪʴʤʠ ʤʣʘʜʰʝ 

ʪʨʸʭ ʣʝʪ [4]. ɻʦʩʫʜʘʨʩʪʚʦ ʧʣʘʪʠʪ ʧʦʩʦʙʠʷ, ʥʘʙʣʶʜʘʝʪ ʟʘ ʟʜʦʨʦʚʴʝʤ, ʦʭʨʘʥʷʝʪ ʨʘʙʦʯʠʝ ʤʝʩʪʘ 

ʠ ʧʦʤʦʛʘʝʪ ʩ ʞʠʣʴʸʤ, ʦʜʥʘʢʦ ʝʞʝʜʥʝʚʥʳʡ ʩʦʚʝʪ ʠ ʜʫʰʝʚʥʫʶ ʦʧʦʨʫ ʵʪʠ ʤʝʨʳ ʥʝ ʜʘʶʪ. 

ɸʚʪʦʤʘʪʠʟʠʨʦʚʘʪʴ ʪʘʢʫʶ ʧʦʜʜʝʨʞʢʫ ʦʙʳʯʥʦ ʧʨʦʙʫʶʪ ʜʚʫʤʷ ʧʫʪʷʤʠ. ʇʝʨʚʳʡ 

ʦʧʠʨʘʝʪʩʷ ʥʘ ʧʦʠʩʢ ʧʦ ʢʣʶʯʝʚʳʤ ʩʣʦʚʘʤ, ʥʘʧʨʠʤʝʨ ʥʘ TF-IDF. ʆʥ ʨʘʙʦʪʘʝʪ ʧʨʝʜʩʢʘʟʫʝʤʦ ʠ 

ʧʨʦʟʨʘʯʥʦ, ʥʦ ʫʣʘʚʣʠʚʘʝʪ ʪʦʣʴʢʦ ʩʣʦʚʘ, ʘ ʥʝ ʧʦʣʦʞʝʥʠʝ ʤʘʪʝʨʠ, ʠ ʧʦʪʦʤʫ ʥʝ ʩʢʣʘʜʳʚʘʝʪ 

ʩʚʷʟʥʳʡ, ʦʙʨʘʱʸʥʥʳʡ ʢ ʥʝʡ ʦʪʚʝʪ. ɺʪʦʨʦʡ ʧʫʪʴ ʜʦʚʝʨʷʝʪ ʚʩʸ ʦʜʥʦʡ ̫ ʟʳʢʦʚʦʡ ʤʦʜʝʣʠ. ʊʝʢʩʪ 

ʚʳʭʦʜʠʪ ʞʠʚʳʤ, ʟʘʪʦ ʢʦʥʪʨʦʣʴ ʪʝʨʷʝʪʩʷ: ʤʦʜʝʣʴ ʚʳʜʫʤʳʚʘʝʪ ʬʘʢʪʳ ʠ ʦʜʠʥʘʢʦʚʦ ʩʧʦʢʦʡʥʦ 

ʦʪʚʝʯʘʝʪ ʠ ʥʘ ʙʳʪʦʚʦʡ ʚʦʧʨʦʩ, ʠ ʥʘ ʟʘʧʨʦʩ, ʟʘ ʢʦʪʦʨʳʤ ʧʨʷʯʝʪʩʷ ʫʛʨʦʟʘ ʟʜʦʨʦʚʴʶ. ɼʣʷ 

ʢʣʠʥʠʢʠ ʵʪʦ ʥʝ ʛʦʜʠʪʩʷ. ʆʙʟʦʨʳ ʜʠʘʣʦʛʦʚʳʭ ʩʠʩʪʝʤ ʚ ʤʝʜʠʮʠʥʝ ʧʨʷʤʦ ʧʨʠʟʥʘʶʪ, ʯʪʦ 

ʙʝʟʦʧʘʩʥʦʩʪʴ ʠ ʧʨʦʚʝʨʢʘ ʢʘʯʝʩʪʚʘ ʚ ʥʠʭ ʧʨʦʨʘʙʦʪʘʥʳ ʩʣʘʙʦ [8]. 

AI MamaCare ʚʳʙʠʨʘʝʪ ʪʨʝʪʠʡ ʧʫʪʴ. ɺʤʝʩʪʦ ʦʜʥʦʡ ʚʩʝʚʝʜʫʱʝʡ ʤʦʜʝʣʠ ʧʣʘʪʬʦʨʤʘ 

ʩʦʙʠʨʘʝʪ  ʥʝʙʦʣʴʰʫʶ  ʙʨʠʛʘʜʫ  ʘʛʝʥʪʦʚ,  ʠ  ʢʘʞʜʳʤ  ʦʙʨʘʱʝʥʠʝʤ  ʨʘʩʧʦʨʷʞʘʝʪʩʷ 
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ʤʘʨʰʨʫʪʠʟʘʪʦʨ, ʘʛʝʥʪ Triage. ʆʥ ʯʠʪʘʝʪ ʟʘʧʨʦʩ, ʨʘʩʧʦʟʥʘʸʪ ʝʛʦ ʭʘʨʘʢʪʝʨ ʠ ʦʪʜʘʸʪ ʪʦʤʫ 

ʠʩʧʦʣʥʠʪʝʣʶ, ʢʦʪʦʨʳʡ ʩʧʨʘʚʠʪʩʷ ʣʫʯʰʝ ʧʨʦʯʠʭ; ʧʨʦʚʝʨʢʘ ʙʝʟʦʧʘʩʥʦʩʪʠ ʚʩʪʨʦʝʥʘ ʫʞʝ ʚ ɻ ʪʫ 

ʨʘʟʚʠʣʢʫ. ɺʥʫʪʨʠ ʙʨʠʛʘʜʳ ʘʛʝʥʪʳ ʣʠʙʦ ʫʩʪʫʧʘʶʪ ʜʨʫʛ ʜʨʫʛʫ ʚʝʜʝʥʠʝ ʨʘʟʛʦʚʦʨʘ (Handoff), 

ʣʠʙʦ ʦʙʨʘʱʘʶʪʩʷ ʢ ʢʦʣʣʝʛʝ ʢʘʢ ʢ ʠʥʩʪʨʫʤʝʥʪʫ (Agent-as-Tool). ʂʘʞʜʳʡ ʨʘʩʩʫʞʜʘʝʪ ʠ 

ʜʝʡʩʪʚʫʝʪ ʧʦ ʮʠʢʣʫ ReAct, ʦʢʨʫʞʸʥʥʦʤʫ ʥʝʩʢʦʣʴʢʠʤʠ ʩʣʦʷʤʠ ʟʘʱʠʪʳ. ʄʘʪʝʨʠ ʩʠʩʪʝʤʘ 

ʦʪʚʝʯʘʝʪ ʚ ʣʶʙʦʝ ʚʨʝʤʷ ʩʫʪʦʢ: ʨʘʩʩʢʘʟʳʚʘʝʪ ʦ ʚʦʩʩʪʘʥʦʚʣʝʥʠʠ ʧʦʩʣʝ ʨʦʜʦʚ, ʛʨʫʜʥʦʤ 

ʚʩʢʘʨʤʣʠʚʘʥʠʠ, ʩʥʝ ʤʣʘʜʝʥʮʘ ʠ ʜʫʰʝʚʥʦʤ ʩʦʩʪʦʷʥʠʠ, ʦʧʠʨʘʷʩʴ ʥʘ ʧʨʦʚʝʨʝʥʥʫʶ 

ʤʝʜʠʮʠʥʩʢʫʶ ʙʘʟʫ. ɺʨʘʯ ʪʝʤ ʚʨʝʤʝʥʝʤ ʧʦʣʫʯʘʝʪ ʦʪ ʥʝʸ ʫʞʝ ʩʦʙʨʘʥʥʫʶ, ʫʧʦʨʷʜʦʯʝʥʥʫʶ 

ʩʚʦʜʢʫ. 

ʆʩʥʦʚʥʦʡ ʚʢʣʘʜ ʨʘʙʦʪʳ. ʇʣʘʪʬʦʨʤʘ ʦʪʢʨʳʪʘ ʧʦ ʘʜʨʝʩʫ mamacare.kaznu.kz ʠ ʨʘʙʦʪʘʝʪ 

ʚʦ ʚʥʫʪʨʝʥʥʝʡ ʩʝʪʠ ʫʥʠʚʝʨʩʠʪʝʪʘ, ʪʘʢ ʯʪʦ ʟʘʧʠʩʠ ʧʘʮʠʝʥʪʦʚ ʦʩʪʘʶʪʩʷ ʚ ʜʦʚʝʨʝʥʥʦʤ 

ʢʦʥʪʫʨʝ. ʉʪʘʪʴʷ ʚʥʦʩʠʪ ʯʝʪʳʨʝ ʚʢʣʘʜʘ. ʆʥʘ ʧʨʝʜʣʘʛʘʝʪ ʩʪʨʦʠʪʴ ʤʝʜʠʮʠʥʩʢʦʛʦ ʘʩʩʠʩʪʝʥʪʘ 

ʢʘʢ ʙʨʠʛʘʜʫ ʧʨʦʬʠʣʴʥʳʭ ʘʛʝʥʪʦʚ ʩ ʝʜʠʥʳʤ ʤʘʨʰʨʫʪʠʟʘʪʦʨʦʤ. ʆʥʘ ʧʦʢʘʟʳʚʘʝʪ, ʢʘʢ ʜʚʘ 

ʤʝʭʘʥʠʟʤʘ ʢʦʦʨʜʠʥʘʮʠʠ, Handoff ʠ Agent-as-Tool, ʧʦʟʚʦʣʷʶʪ ʩʠʩʪʝʤʝ ʨʘʩʧʨʝʜʝʣʷʪʴ ʟʘʜʘʯʠ 

ʙʝʟ ʧʦʩʪʦʷʥʥʦʛʦ ʫʯʘʩʪʠʷ ʦʧʝʨʘʪʦʨʘ. ʆʥʘ ʨʘʟʙʠʨʘʝʪ ʫʩʪʨʦʡʩʪʚʦ ʘʛʝʥʪʘ ʟʥʘʥʠʡ, ʚʳʩʪʨʦʝʥʥʦʛʦ 

ʧʦ ʮʠʢʣʫ ReAct ʩ ʤʥʦʛʦʩʣʦʡʥʦʡ ʟʘʱʠʪʦʡ. ʅʘʢʦʥʝʮ, ʦʥʘ ʩʪʘʚʠʪ ʤʥʦʛʦʘʛʝʥʪʥʫʶ ʩʭʝʤʫ ʨʷʜʦʤ 

ʩ ʧʦʠʩʢʦʤ ʥʘ TF-IDF ʠ ʦʜʠʥʦʯʥʳʤ ʯʘʪ-ʙʦʪʦʤ ʠ ʧʦʢʘʟʳʚʘʝʪ ʝʸ ʧʝʨʝʚʝʩ ʚ ʧʦʥʠʤʘʥʠʠ 

ʢʦʥʪʝʢʩʪʘ, ʩʧʝʮʠʘʣʠʟʘʮʠʠ ʠ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

ʆʙʟʦʨ ʩʚʷʟʘʥʥʳʭ ʨʘʙʦʪ. ʈʘʙʦʪʘ ʦʧʠʨʘʝʪʩʷ ʥʘ ʥʝʩʢʦʣʴʢʦ ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʣʠʥʠʡ. 

ʗʟʳʢʦʚʳʝ ʤʦʜʝʣʠ ʫʞʝ ʥʝʧʣʦʭʦ ʦʨʠʝʥʪʠʨʫʶʪʩʷ ʚ ʢʣʠʥʠʯʝʩʢʦʤ ʤʘʪʝʨʠʘʣʝ ʠ ʧʦʜʙʠʨʘʶʪʩʷ ʢ 

ʦʪʚʝʪʘʤ ʵʢʩʧʝʨʪʥʦʛʦ ʫʨʦʚʥʷ [6, 7], ʥʦ ʚʤʝʩʪʝ ʩ ʵʪʠʤ ʧʨʠʥʦʩʷʪ ʟʥʘʢʦʤʫʶ ʙʝʜʫ: ʫʚʝʨʝʥʥʦ 

ʧʨʦʠʟʥʝʩʸʥʥʫʶ ʚʳʜʫʤʢʫ. ʏʪʦʙʳ ʧʨʠʚʷʟʘʪʴ ʦʪʚʝʪ ʢ ʬʘʢʪʘʤ, ʝʛʦ ʧʦʜʢʨʝʧʣʷʶʪ ʚʳʜʝʨʞʢʘʤʠ 

ʠʟ ʧʨʦʚʝʨʝʥʥʦʡ ʙʘʟʳ ʟʥʘʥʠʡ. ʕʪʦʪ ʧʨʠʸʤ, ʛʝʥʝʨʘʮʠʶ ʩ ʜʦʧʦʣʥʝʥʥʳʤ ʠʟʚʣʝʯʝʥʠʝʤ (RAG), 

AI MamaCare ʧʨʠʤʝʥʷʝʪ, ʩʫʞʘʷ ʠʩʪʦʯʥʠʢʠ ʜʦ ʚʳʚʝʨʝʥʥʦʡ ʤʝʜʠʮʠʥʩʢʦʡ ʙʠʙʣʠʦʪʝʢʠ [9]. 

ʆʧʳʪ ʜʠʘʣʦʛʦʚʳʭ ʩʠʩʪʝʤ ʚ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʠ ʜʦʙʘʚʣʷʝʪ ʦʩʪʦʨʦʞʥʦʩʪʠ. ʅʘʢʦʧʣʝʥʥʳʝ 

ʦʙʟʦʨʳ ʧʨʠʟʥʘʶʪ ʟʘ ʪʘʢʠʤʠ ʘʩʩʠʩʪʝʥʪʘʤʠ ʧʦʣʴʟʫ, ʥʦ ʥʘʩʪʦʡʯʠʚʦ ʥʘʧʦʤʠʥʘʶʪ ʦ ʧʨʦʙʝʣʘʭ ʚ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʚ ʦʮʝʥʢʝ ʢʘʯʝʩʪʚʘ [8], ʠ ʵʪʠ ʟʘʤʝʯʘʥʠʷ ʤʳ ʜʝʨʞʠʤ ʚ ʫʤʝ ʥʘ ʢʘʞʜʦʤ ʰʘʛʝ. 

ʆʪʜʝʣʴʥʘʷ ʣʠʥʠʷ ʢʘʩʘʝʪʩʷ ʪʦʛʦ, ʢʘʢ ʤʦʜʝʣʴ ʜʫʤʘʝʪ ʠ ʜʝʡʩʪʚʫʝʪ. ʉʭʝʤʘ ReAct ʯʝʨʝʜʫʝʪ 

ʨʘʩʩʫʞʜʝʥʠʝ ʠ ʧʦʩʪʫʧʦʢ, ʧʦʟʚʦʣʷʷ ʘʛʝʥʪʫ ʩʚʝʨʷʪʴʩʷ ʩ ʚʥʝʰʥʠʤʠ ʠʩʪʦʯʥʠʢʘʤʠ ʠ ʥʘ ʭʦʜʫ 

ʧʨʘʚʠʪʴ ʧʣʘʥ [10]. ʆʥʘ ʚʳʨʦʩʣʘ ʠʟ ʠʜʝʠ ʨʘʩʩʫʞʜʘʪʴ ʚʩʣʫʭ, ʧʦ ʰʘʛʘʤ [11], ʠ ʩʦʩʝʜʩʪʚʫʝʪ ʩ 

ʧʨʠʸʤʘʤʠ ʩʘʤʦʧʨʦʚʝʨʢʠ [12] ʠ ʦʙʫʯʝʥʠʷ ʚʳʟʦʚʫ ʠʥʩʪʨʫʤʝʥʪʦʚ [13]. ʉʙʦʨʢʘ ʠʟ ʤʥʦʛʠʭ 

ʘʛʝʥʪʦʚ ʜʘʚʥʦ ʧʝʨʝʩʪʘʣʘ ʙʳʪʴ ʵʢʟʦʪʠʢʦʡ [14]: ʧʦʷʚʠʣʠʩʴ ʩʨʝʜʳ ʜʣʷ ʠʭ ʜʠʘʣʦʛʘ [15], ʜʣʷ 

ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʨʦʣʝʡ [16] ʠ ʜʣʷ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦʛʦ ʧʦʚʝʜʝʥʠʷ [17]. ɺ ʪʘʢʠʭ ʩʨʝʜʘʭ 

ʧʨʠʞʠʣʠʩʴ ʜʚʘ ʨʠʩʫʥʢʘ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ. ɺ ʦʜʥʦʤ ʛʣʘʚʥʳʡ ʘʛʝʥʪ ʜʝʨʞʠʪ ʨʘʟʛʦʚʦʨ ʧʨʠ ʩʝʙʝ ʠ 

ʟʦʚʸʪ ʧʦʤʦʱʥʠʢʦʚ ʢʘʢ ʠʥʩʪʨʫʤʝʥʪʳ; ʚ ʜʨʫʛʦʤ ʦʥ ʫʩʪʫʧʘʝʪ ʫʧʨʘʚʣʝʥʠʝ ʙʦʣʝʝ ʧʦʜʭʦʜʷʱʝʤʫ 

ʩʧʝʮʠʘʣʠʩʪʫ [18]. AI MamaCare ʧʦʣʴʟʫʝʪʩʷ ʦʙʦʠʤʠ, ʠ ʧʦʜʨʦʙʥʳʡ ʨʘʟʙʦʨ ʚʳʥʝʩʝʥ ʚ ʨʘʟʜʝʣ 4. 

ʉʨʘʚʥʝʥʠʝ ʧʦʜʭʦʜʦʚ ʠ ʤʦʪʠʚʘʮʠʷ. ʏʪʦʙʳ ʦʙʲʷʩʥʠʪʴ, ʧʦʯʝʤʫ ʚʳʙʦʨ ʧʘʣ ʥʘ 

ʤʥʦʛʦʘʛʝʥʪʥʫʶ ʩʭʝʤʫ, ʧʦʩʪʘʚʠʤ ʨʷʜʦʤ ʪʨʠ ʩʧʦʩʦʙʘ ʨʝʰʠʪʴ ʦʜʥʫ ʟʘʜʘʯʫ: ʧʦʤʦʯʴ ʤʘʪʝʨʠ 

ʧʦʩʣʝ ʨʦʜʦʚ. ʇʦʠʩʢ ʧʦ ʢʣʶʯʝʚʳʤ ʩʣʦʚʘʤ ʥʘ TF-IDF ʥʘʜʸʞʝʥ ʠ ʧʦʥʷʪʝʥ, ʥʦ ʢʦʥʪʝʢʩʪ 

ʦʙʨʘʱʝʥʠʷ ʦʪ ʥʝʛʦ ʫʩʢʦʣʴʟʘʝʪ, ʠ ʧʝʨʩʦʥʘʣʴʥʦʛʦ ʦʪʚʝʪʘ ʦʥ ʥʝ ʩʪʨʦʠʪ. ʆʜʠʥʦʯʥʘʷ ʷʟʳʢʦʚʘʷ 

ʤʦʜʝʣʴ ʦʪʚʝʯʘʝʪ ʝʩʪʝʩʪʚʝʥʥʦ, ʦʜʥʘʢʦ ʝʡ ʪʨʫʜʥʦ ʜʦʚʝʨʷʪʴ. ʆʥʘ ʧʫʪʘʝʪ ʬʘʢʪʳ, ʥʝ ʦʪʣʠʯʘʝʪ 

ʧʫʩʪʷʢʦʚʳʡ ʚʦʧʨʦʩ ʦʪ ʪʨʝʚʦʞʥʦʛʦ ʠ ʥʝ ʯʫʚʩʪʚʫʝʪ, ʢʦʛʜʘ ʥʫʞʥʦ ʚʤʝʰʘʪʴʩʷ ʥʝʤʝʜʣʝʥʥʦ. 

ʄʥʦʛʦʘʛʝʥʪʥʘʷ ʧʣʘʪʬʦʨʤʘ ʩʥʠʤʘʝʪ ʵʪʠ ʦʛʨʘʥʠʯʝʥʠʷ ʠʥʘʯʝ. ʆʥʘ ʜʝʣʠʪ 

ʦʪʚʝʪʩʪʚʝʥʥʦʩʪʴ ʤʝʞʜʫ ʫʟʢʠʤʠ ʩʧʝʮʠʘʣʠʩʪʘʤʠ, ʥʘʧʨʘʚʣʷʝʪ ʢʘʞʜʳʡ ʟʘʧʨʦʩ ʢ ʧʦʜʭʦʜʷʱʝʤʫ 

ʠʟ ʥʠʭ ʠ ʧʨʦʚʝʨʷʝʪ ʙʝʟʦʧʘʩʥʦʩʪʴ ʝʱʸ ʥʘ ʨʘʟʚʠʣʢʝ, ʘ ʦʪʚʝʪ ʯʝʨʧʘʝʪ ʠʟ ʚʳʚʝʨʝʥʥʦʡ ʙʘʟʳ 

ʟʥʘʥʠʡ. ʊʘʙʣʠʮʘ 1 ʨʘʟʚʦʜʠʪ ʪʨʠ ʧʦʜʭʦʜʘ ʧʦ ʢʣʶʯʝʚʳʤ ʧʨʠʟʥʘʢʘʤ. 

 

ʊʘʙʣʠʮʘ 1. ʉʨʘʚʥʝʥʠʝ AI MamaCare ʩ ʧʦʠʩʢʦʤ ʥʘ ʦʩʥʦʚʝ TF-IDF ʠ ʦʜʠʥʦʯʥʳʤ LLM-

ʯʘʪ-ʙʦʪʦʤ 
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ʂʨʠʪʝʨʠʡ TF-IDF ʧʦʠʩʢ ʆʙʳʯʥʳʡ LLM -

ʯʘʪ 

AI  MamaCare 

ʆʩʥʦʚʥʦʡ ʧʦʜʭʦʜ ʇʦʠʩʢ ʧʦ ʢʣʶʯʝʚʳʤ 

ʩʣʦʚʘʤ 

ɻʝʥʝʨʘʮʠʷ ʦʙʱʝʛʦ 

ʦʪʚʝʪʘ 

ʉʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʝ AI-

ʘʛʝʥʪʳ 

ʇʦʥʠʤʘʥʠʝ 

ʩʠʪʫʘʮʠʠ 

ʅʠʟʢʦʝ ʍʦʨʦʰʝʝ, ʥʦ 

ʦʙʱʝʝ 

ʋʯʠʪʳʚʘʝʪ ʢʦʥʪʝʢʩʪ 

ʧʘʮʠʝʥʪʘ ʠ ʪʠʧ ʟʘʧʨʦʩʘ 

ʊʦʯʥʦʩʪʴ ʦʪʚʝʪʘ ʇʦʭʦʞʠʝ ʜʦʢʫʤʝʥʪʳ ɺʦʟʤʦʞʥʳ 

ʥʝʪʦʯʥʦʩʪʠ 

ʂʦʥʪʨʦʣʠʨʫʝʤʘʷ 

ʤʝʜʠʮʠʥʩʢʘʷ ʙʘʟʘ ʟʥʘʥʠʡ 

ʉʣʦʞʥʳʝ 

ʚʦʧʨʦʩʳ 

ʆʙʨʘʙʘʪʳʚʘʝʪ ʩʣʘʙʦ ʆʙʱʠʡ ʩʦʚʝʪ ʄʘʨʰʨʫʪʠʟʘʮʠʷ ʥʫʞʥʦʤʫ 

ʘʛʝʥʪʫ 

ʕʤʦʮʠʦʥʘʣʴʥʘʷ 

ʧʦʜʜʝʨʞʢʘ 

ʅʝʪ ʆʙʱʘʷ ʆʪʜʝʣʴʥʳʡ ʘʛʝʥʪ ʙʝʨʝʞʥʦʛʦ 

ʦʪʚʝʪʘ 

ʇʦʜʜʝʨʞʢʘ 

ʚʨʘʯʘ 

ʅʝʪ ʆʛʨʘʥʠʯʝʥʥʘʷ Copilot ʜʣʷ ʚʨʘʯʘ 

ɹʝʟʦʧʘʩʥʦʩʪʴ ʅʠʟʢʘʷ ʜʣʷ 

ʤʝʜʠʮʠʥʳ 

ʈʠʩʢ ʥʝʪʦʯʥʳʭ 

ʦʪʚʝʪʦʚ 

ɺʨʘʯ ʧʨʠʥʠʤʘʝʪ ʠʪʦʛʦʚʦʝ 

ʨʝʰʝʥʠʝ 

ʀʪʦʛ ʇʨʦʩʪʦʡ ʧʦʠʩʢ ʋʥʠʚʝʨʩʘʣʴʥʳʡ 

ʯʘʪ 

ʄʫʣʴʪʠʘʛʝʥʪʥʘʷ 

ʤʝʜʠʮʠʥʩʢʘʷ ʧʣʘʪʬʦʨʤʘ 

 

ʀʟ ʩʨʘʚʥʝʥʠʷ ʚʠʜʥʦ ʛʣʘʚʥʦʝ. ʉʠʣʘ AI  MamaCare ʥʝ ʚ ʦʜʥʦʡ ʫʜʘʯʥʦʡ ʬʫʥʢʮʠʠ, ʘ ʚ ʪʦʤ, 

ʢʘʢ ʩʢʣʘʜʳʚʘʶʪʩʷ ʚʤʝʩʪʝ ʩʧʝʮʠʘʣʠʟʘʮʠʷ ʘʛʝʥʪʦʚ, ʢʦʥʪʨʦʣʠʨʫʝʤʘʷ ʙʘʟʘ ʠ ʚʩʪʨʦʝʥʥʘʷ 

ʙʝʟʦʧʘʩʥʦʩʪʴ, ʧʨʠʯʸʤ ʧʦʩʣʝʜʥʝʝ ʩʣʦʚʦ ʩʦʭʨʘʥʷʝʪʩʷ ʟʘ ʚʨʘʯʦʤ. 

ɸʨʭʠʪʝʢʪʫʨʘ ʤʫʣʴʪʠʘʛʝʥʪʥʦʡ ʩʠʩʪʝʤʳ. AI MamaCare ʚʝʜʸʪ ʩʝʙʷ ʢʘʢ ʩʣʘʞʝʥʥʘʷ 

ʙʨʠʛʘʜʘ. ɿʘʧʨʦʩ ʧʦʧʘʜʘʝʪ ʢ ʪʦʤʫ ʘʛʝʥʪʫ, ʢʦʪʦʨʳʡ ʦʪʚʝʪʠʪ ʪʦʯʥʝʝ, ʧʘʮʠʝʥʪ ʧʦʣʫʯʘʝʪ 

ʧʦʜʜʝʨʞʢʫ, ʘ ʚʨʘʯ ʟʘʙʠʨʘʝʪ ʫʞʝ ʨʘʟʦʙʨʘʥʥʳʝ ʩʚʝʜʝʥʠʷ. ʇʣʘʪʬʦʨʤʘ ʨʘʩʧʘʜʘʝʪʩʷ ʥʘ ʜʚʘ 

ʢʦʥʪʫʨʘ, ʧʘʮʠʝʥʪʩʢʠʡ ʠ ʚʨʘʯʝʙʥʳʡ, ʠ ʩʚʷʟʳʚʘʝʪ ʠʭ ʦʙʱʠʡ ʤʘʨʰʨʫʪʠʟʘʪʦʨ. 

ʆʙʱʘʷ ʩʪʨʫʢʪʫʨʘ ʠ ʨʦʣʠ ʘʛʝʥʪʦʚ. ʃʶʙʦʝ ʦʙʨʘʱʝʥʠʝ ʥʘʯʠʥʘʝʪʩʷ ʩ ʘʛʝʥʪʘ Triage. ʆʥ 

ʚʯʠʪʳʚʘʝʪʩʷ ʚ ʟʘʧʨʦʩ, ʨʘʩʧʦʟʥʘʸʪ ʝʛʦ ʪʠʧ (ʦʙʱʠʡ ʚʦʧʨʦʩ, ʦʙʨʘʱʝʥʠʝ ʢ ʙʘʟʝ ʟʥʘʥʠʡ ʠʣʠ 

ʧʦʪʨʝʙʥʦʩʪʴ ʚ ʧʦʜʜʝʨʞʢʝ) ʠ ʦʪʜʘʸʪ ʟʘʜʘʯʫ ʧʨʦʬʠʣʴʥʦʤʫ ʠʩʧʦʣʥʠʪʝʣʶ. ʅʘ ʩʪʦʨʦʥʝ ʧʘʮʠʝʥʪʘ 

ʪʨʫʜʷʪʩʷ ʪʨʠ ʘʛʝʥʪʘ: ʦʙʱʠʭ ʚʦʧʨʦʩʦʚ, ʟʥʘʥʠʡ ʠ ʵʤʦʮʠʦʥʘʣʴʥʦʡ ʧʦʜʜʝʨʞʢʠ. ʅʘ ʩʪʦʨʦʥʝ 

ʚʨʘʯʘ ʨʘʩʧʦʨʷʞʘʝʪʩʷ Specialist Copilot, ʦʧʠʨʘʷʩʴ ʥʘ ʢʫʨʘʪʦʨʘ ʙʘʟʳ ʟʥʘʥʠʡ ʠ ʥʘ ʘʛʝʥʪʘ, 

ʢʦʪʦʨʳʡ ʩʦʙʠʨʘʝʪ ʩʚʦʜʢʫ ʦ ʧʘʮʠʝʥʪʝ. ʂʘʨʪʘ ʘʛʝʥʪʦʚ ʠ ʩʚʷʟʝʡ ʤʝʞʜʫ ʥʠʤʠ ʧʦʢʘʟʘʥʘ ʥʘ ʨʠʩ. 1, 

ʘ ʧʦʣʥʳʡ ʧʝʨʝʯʝʥʴ ʩʚʝʜʸʥ ʚ ʪʘʙʣʠʮʫ 2. 
 

ʈʠʩ. 1. ʂʘʨʪʘ ʘʛʝʥʪʦʚ AI MamaCare. ɺ ʢʦʥʪʫʨʝ ʧʦʣʴʟʦʚʘʪʝʣʝʡ Triage Agent ʧʝʨʝʜʘʸʪ ʟʘʧʨʦʩ 

(Handoff) ʘʛʝʥʪʘʤ General QA ʠ Emotional Agent, ʘ Knowledge QA ʚʳʟʳʚʘʝʪ ʢʘʢ ʠʥʩʪʨʫʤʝʥʪ (Agent 

as tool). ɺ ʢʦʥʪʫʨʝ ʚʨʘʯʝʡ Specialist Copilot Agent ʦʙʨʘʱʘʝʪʩʷ ʢ Knowledge QA, Patient Brief ʠ 

Knowledge Curator ʢʘʢ ʢ ʠʥʩʪʨʫʤʝʥʪʘʤ 
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ʄʝʭʘʥʠʟʤʳ ʢʦʦʨʜʠʥʘʮʠʠ: Handoff ʠ Agent-as-Tool. ʉʘʤʦʩʪʦʷʪʝʣʴʥʦʩʪʴ ʩʠʩʪʝʤʳ 

ʜʝʨʞʠʪʩʷ ʥʘ ʜʚʫʭ ʩʧʦʩʦʙʘʭ ʧʝʨʝʜʘʪʴ ʨʘʙʦʪʫ, ʠ ʦʥʠ ʠʟʙʘʚʣʷʶʪ ʦʪ ʧʦʩʪʦʷʥʥʦʛʦ 

ʚʤʝʰʘʪʝʣʴʩʪʚʘ ʦʧʝʨʘʪʦʨʘ [18]. 

Handoff ʦʟʥʘʯʘʝʪ, ʯʪʦ ʘʛʝʥʪ ʮʝʣʠʢʦʤ ʦʪʜʘʸʪ ʜʠʘʣʦʛ ʢʦʣʣʝʛʝ, ʢʦʛʜʘ ʪʦʪ ʣʫʯʰʝ ʧʦʜʭʦʜʠʪ 

ʜʣʷ ʩʣʝʜʫʶʱʝʛʦ ʰʘʛʘ. ʇʨʠʥʠʤʘʶʱʠʡ ʘʛʝʥʪ ʚʠʜʠʪ ʚʩʶ ʧʨʝʜʳʩʪʦʨʠʶ ʨʘʟʛʦʚʦʨʘ ʠ 

ʧʨʦʜʦʣʞʘʝʪ ʝʛʦ ʩʘʤ. ʊʘʢ Triage ʫʩʪʫʧʘʝʪ ʙʝʩʝʜʫ ʘʛʝʥʪʫ ʦʙʱʠʭ ʚʦʧʨʦʩʦʚ, ʝʜʚʘ ʧʦʡʤʸʪ, ʯʪʦ 

ʟʘʧʨʦʩ ʚ ʝʛʦ ʚʝʜʝʥʠʠ. 

Agent-as-Tool ʫʩʪʨʦʝʥ ʠʥʘʯʝ. ɿʜʝʩʴ ʘʛʝʥʪ ʥʝ ʚʳʧʫʩʢʘʝʪ ʨʘʟʛʦʚʦʨ ʠʟ ʨʫʢ, ʘ ʟʦʚʸʪ ʜʨʫʛʦʛʦ 

ʥʘ ʢʦʨʦʪʢʫʶ ʧʦʜʨʘʙʦʪʢʫ. Specialist Copilot, ʥʘʧʨʠʤʝʨ, ʩʧʨʘʰʠʚʘʝʪ ʫ ʘʛʝʥʪʘ ʟʥʘʥʠʡ ʥʫʞʥʫʶ 

ʩʧʨʘʚʢʫ ʠ ʪʫʪ ʞʝ ʚʧʣʝʪʘʝʪ ʝ yʚ ʩʚʦʡ ʦʪʚʝʪ, ʥʝ ʧʝʨʝʜʘʚʘʷ ʫʧʨʘʚʣʝʥʠʝ. ɿʘ ʚʳʙʦʨʦʤ ʤʝʞʜʫ ʥʠʤʠ 

ʩʪʦʠʪ ʦʜʠʥ ʚʦʧʨʦʩ: ʢʪʦ ʧʨʦʠʟʥʝʩʸʪ ʩʣʝʜʫʶʱʫʶ ʨʝʧʣʠʢʫ ʧʦʣʴʟʦʚʘʪʝʣʶ. ɽʩʣʠ ʜʘʣʴʰʝ ʜʠʘʣʦʛ 

ʜʦʣʞʝʥ ʚʝʩʪʠ ʩʧʝʮʠʘʣʠʩʪ, ʩʨʘʙʘʪʳʚʘʝʪ Handoff; ʝʩʣʠ ʜʦʚʦʣʴʥʦ ʨʘʟʦʚʦʡ ʫʩʣʫʛʠ, ʚʳʨʫʯʘʝʪ 

Agent-as-Tool. ɹʣʘʛʦʜʘʨʷ ʵʪʦʤʫ ʧʦʚʝʜʝʥʠʝ ʩʠʩʪʝʤʳ ʦʩʪʘʸʪʩʷ ʧʨʝʜʩʢʘʟʫʝʤʳʤ. 

ʂʦʥʪʫʨ ʧʘʮʠʝʥʪʘ. ʇʘʮʠʝʥʪʩʢʠʡ ʢʦʥʪʫʨ ʥʘʩʪʨʦʝʥ ʥʘ ʙʝʨʝʞʥʳʡ ʠ ʙʝʟʦʧʘʩʥʳʡ 

ʨʘʟʛʦʚʦʨ. ɸʛʝʥʪ ʦʙʱʠʭ ʚʦʧʨʦʩʦʚ ʦʪʚʝʯʘʝʪ ʥʘ ʙʳʪʦʚʳʝ ʤʝʣʦʯʠ. ɸʛʝʥʪ ʟʥʘʥʠʡ ʦʙʨʘʱʘʝʪʩʷ ʢ 

ʧʨʦʚʝʨʝʥʥʦʡ ʙʘʟʝ ʠ ʦʙʦʩʥʦʚʳʚʘʝʪ ʢʘʞʜʳʡ ʩʦʚʝʪ. ʕʤʦʮʠʦʥʘʣʴʥʳʡ ʘʛʝʥʪ ʦʪʢʣʠʢʘʝʪʩʷ ʤʷʛʢʦ, 

ʠ ʚ ʪʝʥʠ ʧʦʩʣʝʨʦʜʦʚʦʡ ʜʝʧʨʝʩʩʠʠ ʵʪʘ ʤʷʛʢʦʩʪʴ ʦʩʦʙʝʥʥʦ ʚʘʞʥʘ. ʄʘʨʰʨʫʪʠʟʘʮʠʷ ʫʩʪʨʦʝʥʘ 

ʪʘʢ, ʯʪʦ ʢʘʞʜʳʡ ʪʠʧ ʟʘʧʨʦʩʘ ʧʦʧʘʜʘʝʪ ʢ ʘʛʝʥʪʫ, ʟʘʪʦʯʝʥʥʦʤʫ ʠʤʝʥʥʦ ʧʦʜ ʥʝʛʦ. 

ʊʘʢ ʵʪʦ ʚʳʛʣʷʜʠʪ ʚ ʨʘʙʦʪʝ. ʂʦʛʜʘ ʤʘʪʴ ʩʧʨʘʰʠʚʘʝʪ ʧʦ-ʢʘʟʘʭʩʢʠ, ʯʪʦ ʜʝʣʘʪʴ ʧʨʠ 

ʚʳʩʦʢʦʡ ʪʝʤʧʝʨʘʪʫʨʝ ʫ ʨʝʙʸʥʢʘ, ʘʩʩʠʩʪʝʥʪ ʥʝ ʦʪʜʝʣʳʚʘʝʪʩʷ ʦʙʱʠʤʠ ʩʣʦʚʘʤʠ: ʦʥ ʩʦʚʝʪʫʝʪ 

ʩʨʘʟʫ ʦʙʨʘʪʠʪʴʩʷ ʢ ʚʨʘʯʫ, ʧʝʨʝʯʠʩʣʷʝʪ ʥʘʩʪʦʨʘʞʠʚʘʶʱʠʝ ʧʨʠʟʥʘʢʠ ʠ ʦʛʦʚʘʨʠʚʘʝʪ, ʯʪʦ ʩʘʤ 

ʜʠʘʛʥʦʟ ʥʝ ʩʪʘʚʠʪ (ʨʠʩ. 3). ʊʦʪ ʞʝ ʠʥʪʝʨʬʝʡʩ ʚʝʜʸʪ ʯʝʢ-ʠʥ, ʜʥʝʚʥʠʢ ʠ ʩʢʨʠʥʠʥʛ, ʦʩʪʘʚʘʷʩʴ 

ʧʦʜ ʨʫʢʦʡ ʤʝʞʜʫ ʚʠʟʠʪʘʤʠ. 
 

 
ʈʠʩ. 3. ʕʢʨʘʥ ʤʘʪʝʨʠ, ʢʘʟʘʭʩʢʦʷʟʳʯʥʳʡ ʜʠʘʣʦʛ. ʅʘ ʚʦʧʨʦʩ ʦ ʚʳʩʦʢʦʡ ʪʝʤʧʝʨʘʪʫʨʝ ʨʝʙʸʥʢʘ 

ʘʩʩʠʩʪʝʥʪ ʩʦʚʝʪʫʝʪ ʥʝʤʝʜʣʝʥʥʦ ʩʚʷʟʘʪʴʩʷ ʩ ʚʨʘʯʦʤ, ʧʝʨʝʯʠʩʣʷʝʪ ʪʨʝʚʦʞʥʳʝ ʧʨʠʟʥʘʢʠ ʠ 

ʥʘʧʦʤʠʥʘʝʪ, ʯʪʦ ʜʠʘʛʥʦʟ ʥʝ ʩʪʘʚʠʪ 

 

ʂʦʥʪʫʨ ʚʨʘʯʘ. ɺʨʘʯʝʙʥʳʡ ʢʦʥʪʫʨ ʧʦʩʪʨʦʝʥ ʧʦ ʧʨʠʥʮʠʧʫ ʚʪʦʨʦʛʦ ʧʠʣʦʪʘ: ʩʠʩʪʝʤʘ 

ʧʦʜʩʢʘʟʳʚʘʝʪ, ʥʦ h ʪʫʨʚʘʣ ʦʩʪʘʸʪʩʷ ʫ ʩʧʝʮʠʘʣʠʩʪʘ. Specialist Copilot ʩʚʦʜʠʪ ʚʦʝʜʠʥʦ ʜʘʥʥʳʝ 

ʧʘʮʠʝʥʪʘ ʠ ʙʘʟʫ ʟʥʘʥʠʡ ʠ ʧʨʠ ʵʪʦʤ ʦʙʨʘʱʘʝʪʩʷ ʢ ʢʫʨʘʪʦʨʫ ʟʥʘʥʠʡ ʠ ʢ ʩʦʩʪʘʚʠʪʝʣʶ ʩʚʦʜʦʢ 

ʢʘʢ ʢ ʠʥʩʪʨʫʤʝʥʪʘʤ. ɺʨʘʯ ʧʦʣʫʯʘʝʪ ʚʳʞʠʤʢʫ ʙʳʩʪʨʝʝ ʠ ʪʨʘʪʠʪ ʤʝʥʴʰʝ ʚʨʝʤʝʥʠ ʥʘ ʨʫʪʠʥʫ. 

ʇʦʢʘʟʘʪʝʣʝʥ ʦʩʪʨʳʡ ʩʣʫʯʘʡ. ʇʦ ʧʘʮʠʝʥʪʢʝ ɸʣʠʠ ʥʘ ʪʨʝʪʠʡ ʜʝʥʴ ʧʦʩʣʝ ʨʦʜʦʚ Specialist 

Copilot ʚʳʚʦʜʠʪ ʙʘʣʣ PHQ-9, ʨʘʚʥʳʡ 24, ʧʦʤʝʯʘʝʪ ʝʛʦ ʢʘʢ ʪʷʞʸʣʫʶ ʜʝʧʨʝʩʩʠʶ ʩ 
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ʩʫʠʮʠʜʘʣʴʥʳʤ ʨʠʩʢʦʤ ʠ ʪʫʪ ʞʝ ʧʨʝʜʣʘʛʘʝʪ ʚʨʘʯʫ ʧʣʘʥ ʜʝʡʩʪʚʠʡ: ʧʨʦʚʝʨʠʪʴ ʙʝʟʦʧʘʩʥʦʩʪʴ, 

ʥʘʧʨʘʚʠʪʴ ʥʘ ʥʝʦʪʣʦʞʥʫʶ ʧʩʠʭʠʘʪʨʠʯʝʩʢʫʶ ʧʦʤʦʱʴ ʠ ʦʙʝʩʧʝʯʠʪʴ ʧʦʩʪʦʷʥʥʦʝ ʥʘʙʣʶʜʝʥʠʝ 

(ʨʠʩ. 4). ɿʘʤʝʪʠʤ, ʯʪʦ ʩʠʩʪʝʤʘ ʥʝ ʥʘʟʥʘʯʘʝʪ ʣʝʯʝʥʠʝ ʩʘʤʘ, ʘ ʩʦʙʠʨʘʝʪ ʬʘʢʪʳ ʠ ʧʦʜʩʢʘʟʳʚʘʝʪ 

ʧʨʦʪʦʢʦʣ, ʦʩʪʘʚʣʷʷ ʨʝʰʝʥʠʝ ʚʨʘʯʫ. 
 

ʈʠʩ. 4. ʕʢʨʘʥ ʩʧʝʮʠʘʣʠʩʪʘ. ʇʦ ʧʘʮʠʝʥʪʢʝ ɸʣʠʠ ʩʠʩʪʝʤʘ ʧʦʢʘʟʳʚʘʝʪ ʙʘʣʣ PHQ-9, ʨʘʚʥʳʡ 24 

(ʪʷʞʸʣʘʷ ʜʝʧʨʝʩʩʠʷ, ʪʨʝʪʠʡ ʜʝʥʴ ʧʦʩʣʝ ʨʦʜʦʚ) 

 

ʈʝʘʣʠʟʘʮʠʷ ʘʛʝʥʪʘ: ʮʠʢʣ ReAct ʠ ʤʝʭʘʥʠʟʤʳ ʙʝʟʦʧʘʩʥʦʩʪʠ. ʂʘʢ ʫʩʪʨʦʝʥ 

ʦʪʜʝʣʴʥʳʡ ʘʛʝʥʪ, ʫʜʦʙʥʦ ʧʦʢʘʟʘʪʴ ʥʘ ʘʛʝʥʪʝ ʟʥʘʥʠʡ; ʦʥ ʩʣʝʜʫʝʪ h ʘʙʣʦʥʫ ReAct [10]. ʆʜʥʠʤ 

ʧʦʠʩʢʦʤ ʜʝʣʦ ʥʝ ʦʛʨʘʥʠʯʠʚʘʝʪʩʷ. ɸʛʝʥʪ ʨʘʩʩʫʞʜʘʝʪ ʠ ʜʝʡʩʪʚʫʝʪ ʧʦ ʢʨʫʛʫ, ʧʨʠ ʥʫʞʜʝ 

ʧʝʨʝʩʤʘʪʨʠʚʘʝʪ ʩʦʙʩʪʚʝʥʥʳʡ ʟʘʧʨʦʩ [12] ʠ ʧʦʚʪʦʨʷʝʪ ʧʦʧʳʪʢʫ, ʧʦʢʘ ʥʝ ʥʘʙʝʨʸʪ ʜʦʩʪʘʪʦʯʥʦ 

ʤʘʪʝʨʠʘʣʘ ʜʣʷ ʦʙʦʩʥʦʚʘʥʥʦʛʦ ʦʪʚʝʪʘ. ʇʦʣʥʳʡ ʤʘʨʰʨʫʪ ʧʦʢʘʟʘʥ ʥʘ ʨʠʩ. 2, ʘ ʧʦʨʷʜʦʢ ʰʘʛʦʚ 

ʩʚʝʜʸʥ ʚ ʪʘʙʣʠʮʫ 2. 

ʊʘʙʣʠʮʘ 2. ʎʠʢʣ ʨʘʩʩʫʞʜʝʥʠʷ ʠ ʜʝʡʩʪʚʠʷ (ReAct) ʘʛʝʥʪʘ ʟʥʘʥʠʡ 

ʕʪʘʧ ReAct ɼʝʡʩʪʚʠʝ ʘʛʝʥʪʘ 

ʇʣʘʥʠʨʦʚʘʥʠʝ ʇʦʥʷʪʴ ʚʦʧʨʦʩ ʧʦʣʴʟʦʚʘʪʝʣʷ, ʦʧʨʝʜʝʣʠʪʴ ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ 

ʧʦʪʨʝʙʥʦʩʪʠ 

ɼʝʡʩʪʚʠʝ ɺʳʧʦʣʥʠʪʴ ʟʘʧʨʦʩ ʩ ʧʦʤʦʱʴʶ ʠʥʩʪʨʫʤʝʥʪʘ knowledge_search 

ʅʘʙʣʶʜʝʥʠʝ ʇʨʦʚʝʨʠʪʴ ʧʦʣʫʯʝʥʥʳʝ ʜʦʢʫʤʝʥʪʳ ʥʘ ʨʝʣʝʚʘʥʪʥʦʩʪʴ 

ʈʝʬʣʝʢʩʠʷ ʆʮʝʥʠʪʴ, ʜʦʩʪʘʪʦʯʥʦ ʣʠ ʠʥʬʦʨʤʘʮʠʠ ʜʣʷ ʦʪʚʝʪʘ 

ʀʪʝʨʘʮʠʷ ʇʨʠ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʫʪʦʯʥʠʪʴ ʟʘʧʨʦʩ ʠ ʧʦʚʪʦʨʠʪʴ ʧʦʠʩʢ (ʜʦ ʪʨʸʭ 

ʠʪʝʨʘʮʠʡ) 

ʉʠʥʪʝʟ ʉʬʦʨʤʠʨʦʚʘʪʴ ʜʦʢʘʟʘʪʝʣʴʥʳʡ ʦʪʚʝʪ ʥʘ ʷʟʳʢʝ ʧʦʣʴʟʦʚʘʪʝʣʷ 

 

ʇʦʩʣʝ ʠʥʠʮʠʘʣʠʟʘʮʠʠ ʘʛʝʥʪ ʧʣʘʥʠʨʫʝʪ ʧʦʠʩʢ, ʠʟʚʣʝʢʘʝʪ ʜʦʢʫʤʝʥʪʳ ʯʝʨʝʟ 

knowledge_search (ʥʝ ʙʦʣʝʝ ʪʨʸʭ ʠʪʝʨʘʮʠʡ), ʯʠʪʘʝʪ ʠ ʧʨʦʚʝʨʷʝʪ ʠʭ ʥʘ ʨʝʣʝʚʘʥʪʥʦʩʪʴ; ʧʨʠ 

ʥʝʭʚʘʪʢʝ ʩʚʝʜʝʥʠʡ ʚʦʟʚʨʘʱʘʝʪʩʷ ʢ ʠʟʚʣʝʯʝʥʠʶ, ʠʥʘʯʝ ʬʦʨʤʠʨʫʝʪ ʠ ʩʠʥʪʝʟʠʨʫʝʪ ʦʪʚʝʪ. 

ɿʘʧʨʦʩ ʚʥʝ ʦʙʣʘʩʪʠ ʢʦʤʧʝʪʝʥʮʠʠ ʫʭʦʜʠʪ ʚ ʚʝʪʢʫ ʚʝʞʣʠʚʦʛʦ ʦʪʢʘʟʘ. 
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ʈʠʩ. 2. ʈʘʙʦʯʠʡ ʮʠʢʣ ʘʛʝʥʪʘ ʟʥʘʥʠʡ 

 

ʄʝʭʘʥʠʟʤʳ ʙʝʟʦʧʘʩʥʦʩʪʠ. ʄʝʜʠʮʠʥʩʢʠʡ ʢʦʥʪʝʢʩʪ ʪʨʝʙʫʝʪ ʩʪʨʘʭʦʚʢʠ, ʧʦʵʪʦʤʫ ʘʛʝʥʪʳ 

ʦʙʣʦʞʝʥʳ ʟʘʱʠʪʦʡ ʚ ʥʝʩʢʦʣʴʢʦ ʩʣʦʸʚ. ʉʠʩʪʝʤʘ ʜʝʨʞʠʪʩʷ ʚ ʨʘʤʢʘʭ ʜʦʟʚʦʣʝʥʥʳʭ ʪʝʤ, ʥʝ 

ʩʪʘʚʠʪ ʜʠʘʛʥʦʟʦʚ ʠ ʭʨʘʥʠʪ ʟʘʛʦʪʦʚʣʝʥʥʳʝ ʬʦʨʤʫʣʠʨʦʚʢʠ ʥʘ ʩʣʫʯʘʡ ʥʝʦʪʣʦʞʥʦʡ ʩʠʪʫʘʮʠʠ, 

ʨʘʟʛʦʚʦʨʘ ʦ ʧʩʠʭʠʯʝʩʢʦʤ ʟʜʦʨʦʚʴʝ ʠʣʠ ʚʦʧʨʦʩʘ ʦ ʣʝʢʘʨʩʪʚʘʭ. 

ʊʝʭʥʦʣʦʛʠʯʝʩʢʘʷ ʧʣʘʪʬʦʨʤʘ ʠ ʨʘʟʚʸʨʪʳʚʘʥʠʝ. AI MamaCare ʩʦʚʤʝʱʘʝʪ ʪʨʠ ʨʦʣʠ: 

ʤʘʪʝʨʠ, ʩʧʝʮʠʘʣʠʩʪʘ ʠ ʘʜʤʠʥʠʩʪʨʘʪʦʨʘ. ʀʥʪʝʨʬʝʡʩ ʩʦʙʨʘʥ ʥʘ Next.js, ʩʝʨʚʝʨʥʘʷ ʯʘʩʪʴ 

ʜʝʨʞʠʪʩʷ ʥʘ FastAPI ʠ Python. ɺ ʮʝʥʪʨʝ ʩʪʦʠʪ ʦʨʢʝʩʪʨʘʪʦʨ, ʢʦʪʦʨʳʡ ʜʠʨʠʞʠʨʫʝʪ ʘʛʝʥʪʦʤ 

Triage ʠ ʦʩʪʘʣʴʥʳʤʠ ʠʩʧʦʣʥʠʪʝʣʷʤʠ: ʚʦʧʨʦʩʦʚ ʠ ʦʪʚʝʪʦʚ, ʵʤʦʮʠʦʥʘʣʴʥʦʡ ʧʦʜʜʝʨʞʢʠ ʠ 

ʩʦʩʪʘʚʣʝʥʠʷ ʩʚʦʜʢʠ. ɼʘʥʥʳʝ ʨʘʩʭʦʜʷʪʩʷ ʧʦ ʪʨʸʤ ʭʨʘʥʠʣʠʱʘʤ. PostgreSQL ʭʨʘʥʠʪ 

ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʟʘʧʠʩʠ, Elasticsearch ʦʪʚʝʯʘʝʪ ʟʘ ʧʦʣʥʦʪʝʢʩʪʦʚʳʡ ʧʦʠʩʢ ʧʦ ʙʘʟʝ ʟʥʘʥʠʡ, 

SeaweedFS ʜʝʨʞʠʪ ʬʘʡʣʳ ʠ ʜʦʢʫʤʝʥʪʳ. ʗʟʳʢʦʚʫʶ ʤʦʜʝʣʴ Qwen3 [19] ʦʙʩʣʫʞʠʚʘʝʪ 

ʚʥʫʪʨʝʥʥʠʡ ʩʝʨʚʠʩ ʚʳʚʦʜʘ. 

ɼʦʚʝʨʝʥʥʘʷ ʩʨʝʜʘ. ɻʣʘʚʥʘʷ ʦʩʦʙʝʥʥʦʩʪʴ ʢʨʦʝʪʩʷ ʚ ʨʘʟʚʸʨʪʳʚʘʥʠʠ. ʇʣʘʪʬʦʨʤʘ ʞʠʚʸʪ 

ʚʦ ʚʥʫʪʨʝʥʥʝʡ ʩʝʪʠ ʫʥʠʚʝʨʩʠʪʝʪʘ, ʠ ʧʦʪʦʤʫ ʥʠ ʦʜʥʘ ʟʘʧʠʩʴ ʥʝ ʫʭʦʜʠʪ ʥʘ ʩʪʦʨʦʥʫ. 

ʂʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʯʫʚʩʪʚʠʪʝʣʴʥʳʭ ʩʚʝʜʝʥʠʡ ʩʦʭʨʘʥʷʝʪʩʷ, ʘ ʧʘʮʠʝʥʪ ʠ ʚʨʘʯ ʨʘʙʦʪʘʶʪ ʚ 

ʩʨʝʜʝ, ʢʦʪʦʨʦʡ ʤʦʞʥʦ ʜʦʚʝʨʷʪʴ. ʆʪʢʨʳʪʘʷ ʤʦʜʝʣʴ Qwen3 ʢʘʢ ʨʘʟ ʠ ʜʝʣʘʝʪ ʪʘʢʫʶ ʣʦʢʘʣʴʥʫʶ 

ʫʩʪʘʥʦʚʢʫ ʚʦʟʤʦʞʥʦʡ, ʦʩʚʦʙʦʞʜʘʷ ʦʪ ʧʨʠʚʷʟʢʠ ʢ ʯʫʞʦʤʫ ʦʙʣʘʢʫ. 

ʆʙʝʩʧʝʯʝʥʠʝ ʢʘʯʝʩʪʚʘ ʠ ʙʝʟʦʧʘʩʥʦʩʪʠ. ʇʨʦʚʝʨʷʪʴ ʤʫʣʴʪʠʘʛʝʥʪʥʫʶ ʩʠʩʪʝʤʫ ʪʨʫʜʥʝʝ, 

ʯʝʤ ʦʜʠʥʦʯʥʳʡ ʯʘʪ-ʙʦʪ. ʆʥʘ ʩʢʣʘʜʳʚʘʝʪʩʷ ʠʟ ʥʝʩʢʦʣʴʢʠʭ ʘʛʝʥʪʦʚ, ʠ ʢʘʞʜʳʡ ʟʘʥʷʪ ʩʚʦʠʤ: 

ʦʜʠʥ ʨʘʩʧʦʟʥʘʸʪ ʟʘʧʨʦʩ, ʜʨʫʛʦʡ ʧʝʨʝʜʘʸʪ ʝʛʦ ʜʘʣʴʰʝ, ʪʨʝʪʠʡ ʦʪʚʝʯʘʝʪ ʥʘ ʚʦʧʨʦʩʳ, 

ʯʝʪʚʸʨʪʳʡ ʧʦʜʜʝʨʞʠʚʘʝʪ ʚ ʪʨʫʜʥʫʶ ʤʠʥʫʪʫ, ʧʷʪʳʡ ʧʦʤʦʛʘʝʪ ʚʨʘʯʫ. ʇʦʵʪʦʤʫ ʢʦʥʪʨʦʣʴ 

ʦʭʚʘʪʳʚʘʝʪ ʥʝ ʪʦʣʴʢʦ ʧʨʘʚʠʣʴʥʦʩʪʴ ʦʪʜʝʣʴʥʳʭ ʨʝʧʣʠʢ, ʥʦ ʠ ʪʦʯʥʦʩʪʴ ʤʘʨʰʨʫʪʠʟʘʮʠʠ, ʠ 

ʧʦʚʝʜʝʥʠʝ ʩʠʩʪʝʤʳ ʚ ʜʦʣʛʦʤ ʨʘʟʛʦʚʦʨʝ, ʢʦʛʜʘ ʤʘʪʴ ʨʘʩʢʨʳʚʘʝʪ ʦʙʩʪʦʷʪʝʣʴʩʪʚʘ ʧʦʩʪʝʧʝʥʥʦ ʠ 

ʚʦʟʚʨʘʱʘʝʪʩʷ ʩ ʫʪʦʯʥʝʥʠʷʤʠ [8]. 

ʂʘʯʝʩʪʚʦ ʠ ʙʝʟʦʧʘʩʥʦʩʪʴ ʚ AI MamaCare ʜʝʨʞʘʪʩʷ ʥʘ ʥʝʩʢʦʣʴʢʠʭ ʦʧʦʨʘʭ ʩʨʘʟʫ. ʆʪʚʝʪʳ 

ʯʝʨʧʘʶʪʩʷ ʠʟ ʢʫʨʠʨʫʝʤʦʡ ʙʘʟʳ ʟʥʘʥʠʡ, ʢʦʪʦʨʫʶ ʘʛʝʥʪ-ʢʫʨʘʪʦʨ ʚʳʚʝʨʷʝʪ ʠ ʧʦʜʜʝʨʞʠʚʘʝʪ ʚ 

ʘʢʪʫʘʣʴʥʦʤ ʚʠʜʝ, ʦʪʩʝʢʘʷ ʜʝʟʠʥʬʦʨʤʘʮʠʶ. ʀ ʟʘ ʚʩʝʤ ʵʪʠʤ ʦʩʪʘʸʪʩʷ ʯʝʣʦʚʝʢ: ʚ ʚʨʘʯʝʙʥʦʤ 

ʢʦʥʪʫʨʝ ʩʠʩʪʝʤʘ ʣʠʰʴ ʧʦʜʩʢʘʟʳʚʘʝʪ, ʘ ʨʝʰʘʝʪ ʚʨʘʯ. 

ʆʮʝʥʠʚʘʶʪ ʧʣʘʪʬʦʨʤʫ ʧʦ ʪʝʤ ʤʝʨʢʘʤ, ʯʪʦ ʚʘʞʥʳ ʚ ʢʣʠʥʠʢʝ: ʥʘʩʢʦʣʴʢʦ ʦʪʚʝʪ ʪʦʯʝʥ, 

ʧʦʥʷʪʝʥ, ʙʝʟʦʧʘʩʝʥ ʠ ʥʝ ʥʝʩʸʪ ʚʨʝʜʘ [7]. ʈʘʟʙʠʨʘʶʪ ʨʝʘʣʴʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʝ ʩʮʝʥʘʨʠʠ 

ʚʤʝʩʪʝ ʩ ʚʨʘʯʘʤʠ. ʊʘʢʦʡ ʧʦʨʷʜʦʢ ʧʨʝʚʨʘʱʘʝʪ ʧʨʦʚʝʨʢʫ ʤʝʜʠʮʠʥʩʢʦʛʦ ʘʩʩʠʩʪʝʥʪʘ ʚ 

ʫʧʨʘʚʣʷʝʤʦʝ ʟʘʥʷʪʠʝ ʠ ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʨʘʢʪʠʯʝʩʢʫʶ ʧʦʣʴʟʫ ʧʣʘʪʬʦʨʤʳ. 
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ɿʘʢʣʶʯʝʥʠʝ. AI MamaCare ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʤʝʜʠʮʠʥʩʢʦʛʦ ʧʦʤʦʱʥʠʢʘ ʩʪʦʠʪ ʩʪʨʦʠʪʴ 

ʥʝ ʢʘʢ ʦʜʥʫ ʙʦʣʴʰʫʶ ʤʦʜʝʣʴ, ʘ ʢʘʢ ʙʨʠʛʘʜʫ ʫʟʢʠʭ ʘʛʝʥʪʦʚ ʧʦʜ ʥʘʯʘʣʦʤ ʤʘʨʰʨʫʪʠʟʘʪʦʨʘ. 

ʉʠʩʪʝʤʘ ʦʪʚʝʯʘʝʪ ʥʘ ʚʦʧʨʦʩʳ, ʨʘʟʚʦʜʠʪ ʦʙʨʘʱʝʥʠʷ ʧʦ ʘʜʨʝʩʘʪʘʤ, ʧʦʜʜʝʨʞʠʚʘʝʪ ʚ ʪʨʫʜʥʫʶ 

ʤʠʥʫʪʫ ʠ ʙʝʨʸʪ ʥʘ ʩʝʙʷ ʯʘʩʪʴ ʨʘʙʦʪʳ ʚʨʘʯʘ. ʉʚʷʟʳʚʘʶʪ ʝ yʜʚʘ ʤʝʭʘʥʠʟʤʘ, Handoff ʠ Agent-

as-Tool; ʦʥʠ ʨʘʩʧʨʝʜʝʣʷʶʪ ʟʘʜʘʯʠ ʩʘʤʠ ʠ ʦʩʪʘʶʪʩʷ ʧʨʝʜʩʢʘʟʫʝʤʳʤʠ. ɺʥʫʪʨʠ ʢʘʞʜʳʡ ʘʛʝʥʪ 

ʠʜʸʪ ʧʦ ʮʠʢʣʫ ReAct, ʦʢʨʫʞʸʥʥʦʤʫ ʟʘʱʠʪʦʡ, ʢʦʪʦʨʘʷ ʥʝ ʧʦʟʚʦʣʷʝʪ ʥʠ ʩʪʘʚʠʪʴ ʜʠʘʛʥʦʟ, ʥʠ 

ʜʘʚʘʪʴ ʦʧʘʩʥʳʡ ʩʦʚʝʪ. ʇʣʘʪʬʦʨʤʘ ʨʘʙʦʪʘʝʪ ʚʦ ʚʥʫʪʨʝʥʥʝʡ ʩʝʪʠ ʫʥʠʚʝʨʩʠʪʝʪʘ, ʠ ʜʘʥʥʳʝ ʥʝ 

ʧʦʢʠʜʘʶʪ ʜʦʚʝʨʝʥʥʳʡ ʢʦʥʪʫʨ. ɼʘʣʴʰʝ ʧʨʝʜʩʪʦʠʪ ʨʘʩʰʠʨʷʪʴ ʢʫʨʠʨʫʝʤʫʶ ʙʘʟʫ ʟʥʘʥʠʡ, 

ʦʪʪʘʯʠʚʘʪʴ ʤʝʭʘʥʠʟʤʳ ʢʦʥʪʨʦʣʷ ʢʘʯʝʩʪʚʘ ʠ ʧʨʦʚʝʨʷʪʴ ʙʝʟʦʧʘʩʥʦʩʪʴ ʩʠʩʪʝʤʳ ʚ 

ʤʥʦʛʦʰʘʛʦʚʳʭ ʨʘʟʛʦʚʦʨʘʭ ʚʤʝʩʪʝ ʩ ʚʨʘʯʘʤʠ. 
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Abstract. Precision agriculture increasingly relies on Artificial  Intelligence technologies to enhance 

crop productivity, optimize disease management, and promote sustainable farming practices. Among 

recent technological advances, Vision Language Models (VLMs) have emerged as promising approaches 

that integrate computer vision and natural language understanding for intelligent agricultural analysis. 

This paper proposes an explainable multimodal framework for crop disease detection and decision support 

utilizing Vision Language Models, deep learning architectures, and Large Language Models (LLMs). The 

proposed framework integrates unmanned aerial vehicle (UAV) imagery, field-captured images, 

environmental sensor data, and textual agronomic knowledge to identify crop diseases at early stages and 

provide interpretable recommendations for farmers and agricultural experts. The visual component 

employs transformer-based architectures and multimodal deep learning models for disease classification, 

segmentation, and symptom localization. The language component generates human-understandable 

explanations, disease descriptions, confidence analysis, and treatment recommendations. The framework 

incorporates explainable Artificial Intelligence methods including Gradient-weighted Class Activation 

Mapping (GradCAM), attention visualization, and natural language reasoning to enhance transparency 

and user trust. Furthermore, retrieval-augmented mechanisms are integrated to connect the system with 

agricultural knowledge bases, scientific literature, and regional farming guidelines. The proposed research 

contributes to the development of intelligent decision support systems for sustainable agriculture, real-time 

crop monitoring, and autonomous disease management. 

Keywords: Precision Agriculture, Vision Language Models, Explainable Artificial Intelligence, 

Crop Disease Detection, Computer Vision, Large Language Models, Deep Learning, Smart Farming, 

Multimodal Learning, Agricultural Decision Support. 

 

Introduction. Crop diseases remain a major threat to agricultural productivity and food 

security worldwide. Significant yield losses are caused by fungal, bacterial, and viral infections, 

which affect crop quality and economic sustainability. Therefore, early and accurate disease 

diagnosis is considered essential for effective crop management. Traditional disease assessment is 

primarily based on visual inspection by experts. However, this approach is labor intensive, time 

consuming, and difficult to apply across large agricultural areas. Artificial intelligence is 

increasingly adopted in precision agriculture to support automated disease diagnosis. Computer 

vision techniques are widely used for image-based disease detection because high classification 

accuracy is achieved for many crop species. However, most conventional deep learning models 

operate as black box systems. As a result, disease predictions are generated without sufficient 

explanation of the underlying decision process. This limitation reduces user confidence and 

restricts practical adoption in agricultural environments [6]. 

Vision language models (VLMs) are introduced as a promising solution to this challenge. 

These models combine image understanding and language reasoning within a unified architecture. 

Therefore, disease symptoms are not only identified, but also described through natural language 

explanations. In addition, management recommendations can be generated automatically. Such 

capabilities support transparent and user-oriented decision making, which is essential in precision 

agriculture [8]. 

Recent studies demonstrate that VLMs achieve strong performance in crop disease 

diagnosis. A self-consistency strategy applied to a fine-tuned PaliGemma model improves maize 

mailto:aidarova_laila1@live.kaznu.kz


16  

disease diagnostic accuracy from 82.2% to 87.8%. Furthermore, symptom interpretation and 

treatment recommendation quality are improved [1]. Similarly, a Swin Transformer based system 

integrated with a large language model achieves 96.22% classification accuracy for rice diseases 

while visual and textual explanations are provided to support model transparency [2]. These 

findings indicate that high predictive performance and explainability can be jointly achieved. 

Another important advantage of VLMs is their ability to support zero shot and fine-tuning 

strategies. Models such as CLIP demonstrate strong potential for automated disease detection 

under limited annotation conditions [3]. Consequently, agricultural applications become more 

scalable because extensive labeled datasets are not always required. Moreover, CLIP based 

systems integrated with large language models are used for autonomous plant disease 

management, in which disease identification and response planning are performed within a single 

workflow [4]. 

Multimodal learning is also strengthened through VLMs because visual and textual 

information are processed simultaneously. This capability supports more comprehensive disease 

characterization and improved diagnostic reliability. For example, tomato leaf diseases are 

successfully identified through multimodal VLM architectures, which enhance automated 

diagnosis and monitoring functions [5]. As a result, richer information is made available for 

agricultural decision support systems. 

Explainability remains a key requirement for agricultural artificial intelligence. Farmers 

and agronomists require clear justification for disease predictions before management actions are 

adopted. Therefore, explainable artificial intelligence techniques are increasingly integrated into 

VLM based systems. Methods such as Gradient Weighted Class Activation Mapping and Local 

Interpretable Model Agnostic Explanations are used to identify image regions that influence 

classification outcomes [2, 6]. In addition, natural language explanations are generated to describe 

disease symptoms and recommended interventions. Consequently, model outputs become more 

transparent and easier to interpret by non-expert users. 

Decision support applications represent another important research direction. VLMs are 

deployed on mobile devices, robotic platforms, and intelligent advisory systems to provide real 

time agricultural assistance. A CLIP based autonomous disease management system demonstrates 

effective disease detection and recommendation generation for greenhouse environments [4]. 

Furthermore, voice enabled diagnostic systems combine image analysis and conversational 

interaction to improve accessibility for farmers [7]. Therefore, disease management support is 

delivered more efficiently across diverse agricultural settings. 

Despite these advances, several challenges remain. General purpose VLMs often exhibit 

limited performance when agricultural knowledge is insufficiently represented during training. 

Domain adaptation is therefore required to improve model reliability under diverse crop and 

environmental conditions [3, 8]. Dataset scarcity also remains a significant limitation because high 

quality agricultural annotations are difficult to obtain. Furthermore, an appropriate balance 

between predictive accuracy and model interpretability must be maintained to ensure user trust and 

practical usability [6]. 

Future research is expected to focus on domain specific adaptation, synthetic data 

generation, and integration of additional information sources such as environmental 

measurements, weather records, and sensor observations [8]. As multimodal learning techniques 

continue to mature, more robust and context aware agricultural intelligence systems are expected 

to emerge. Therefore, VLMs are positioned as a key technology for next generation precision 

agriculture, in which accurate diagnosis, transparent reasoning, and actionable decision support are 

provided through a unified intelligent system. 

Research Objectives. The primary objectives of this research are structured to address the 

identified gaps in current agricultural AI systems, moving beyond black-box visual classification 
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toward transparent, multimodal, and actionable decision support. These objectives are detailed as 

follows: 

1. To develop a Vision Language Model (VLM) framework for automated crop disease 

detection. This objective focuses on designing and training a robust multimodal architecture. The 

framework will leverage state-of-the-art vision encoders (e.g., Vision Transformers or fine-tuned 

CLIP models) aligned with large language models. The development phase will prioritize 

optimizing the model for high-resolution agricultural imagery, ensuring it can accurately classify 

diseases, segment affected regions, and localize early-stage symptoms across diverse crop 

varieties. 

2. To integrate visual and textual agricultural knowledge for effective multimodal learning. 

Purely visual models often fail to contextualize symptoms within specific agronomic conditions. 

This objective aims to bridge that gap by integrating heterogeneous data streams. The system will 

employ Retrieval-Augmented Generation (RAG) and cross-attention mechanisms to align visual 

embeddings with structured textual knowledge, including peer-reviewed plant pathology 

literature, regional extension guidelines, and historical environmental sensor data (e.g., humidity, 

temperature). 

3. To improve model explainability through visual attention mechanisms and language-based 

reasoning. To mitigate the "black-box" nature of deep learning, this objective mandates the 

implementation of rigorous Explainable AI (XAI) techniques. The framework will generate 

Gradient-weighted Class Activation Mapping (GradCAM) overlays to highlight pixel-level 

regions influencing the diagnosis. Concurrently, the language component will produce natural 

language rationales, explicitly linking the visualized symptoms to the diagnostic conclusion and 

providing a quantified confidence score for each prediction. 

4. To generate actionable decision support recommendations for disease management. 

Detection alone is insufficient for practical farming. This objective ensures the system translates 

diagnostic outputs into prescriptive actions. The model will generate context-aware 

recommendations, such as targeted biological or chemical treatment protocols, optimal application 

timing, and preventive cultural practices, tailored to the specific crop, disease severity, and local 

regulatory guidelines. 

5. To evaluate system performance under real-world agricultural conditions. Laboratory 

accuracy does not always translate to field efficacy. This objective involves rigorous empirical 

validation using heterogeneous, real-world datasets. Evaluation will encompass ground-level 

smartphone photographs and UAV-captured multispectral imagery under varying illumination, 

weather conditions, and levels of leaf occlusion. Performance will be benchmarked against 

existing baseline models using standard metrics (e.g., F1-score, Mean Average Precision). 

6. To support scalable deployment in smart farming environments. The final objective 

addresses practical implementation. The framework will be optimized for edge computing and 

mobile deployment, utilizing model quantization and pruning techniques to ensure low-latency 

inference on resource-constrained devices. Furthermore, the system will  be designed with modular 

APIs to facilitate seamless integration with existing Farm Management Information Systems 

(FMIS) and precision agriculture platforms. 

Expected Outcomes. The successful execution of the proposed research is anticipated to 

yield quantifiable improvements across technical, agronomic, and socioeconomic dimensions. The 

expected outcomes are categorized as follows: 

Quantitative and Technical Outcomes. Enhanced Diagnostic Accuracy: The multimodal 

VLM framework is expected to achieve a classification F1-score of Ó92% and a Mean Average 

Precision (mAP) of Ó88% for disease localization, representing a statistically significant 

improvement over unimodal CNN or standard ViT baselines. 
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Reduction in False Positives: By cross-referencing visual symptoms with environmental and 

textual context, the system is projected to reduce false positive rates by approximately 35%, 

preventing unnecessary and costly chemical interventions. 

Low-Latency Inference: Through edge-optimization techniques, the system will deliver 

diagnostic results and explanations in under 5 seconds per image on standard mobile hardware, 

ensuring usability in time-sensitive field operations. 

Agronomic and Environmental Outcomes. Mitigation of Crop Losses: Early and accurate 

detection at the pre-symptomatic or early-symptomatic stages is expected to reduce yield losses by 

up to 20ï25% compared to traditional scouting methods. 

Sustainable Chemical Usage: By providing precise, localized treatment recommendations rather 

than blanket field applications, the framework will support a targeted reduction in pesticide and 

fungicide usage by an estimated 25ï30%, thereby minimizing environmental runoff and promoting 

ecological sustainability. 

Socioeconomic and Usability Outcomes. Increased User Trust and Adoption: The integration 

of Grad CAM visualizations and natural language explanations is expected to significantly 

improve farmer trust in AI diagnostics. Preliminary user studies are anticipated to show a Ó40% 

increase in user confidence scores when explainable outputs are provided compared to black-box 

predictions. Democratization of Agricultural Technology: The development of a lightweight, 

mobile-first interface with offline-capable features will improve the accessibility of advanced 

diagnostic tools for smallholder farmers in rural or connectivity-constrained regions. 

 

Figure 1. Conceptual mapping of research objectives to measurable expected outcomes. 

 

Table 1. Projected Performance Benchmarks vs. Existing Baselines 

 

Model / Framework Accuracy 

(%) 

Inference 

Time (s) 

False Positive 

Rate (%) 

Explainability 

Score (1ï5) 

Traditional CNN 85.3 ± 1.9% 0.04 ± 0.01 6.8 ± 0.8% 1.4 ± 0.3 

Standard ViT 88.7 ± 1.6% 0.12 ± 0.03 4.2 ± 0.5% 2.1 ± 0.4 

Proposed VLM  (w/o 

Explainability) 

90.2 ± 1.3% 0.25 ± 0.05 3.1 ± 0.4% 2.5 ± 0.5 
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Proposed Complete VLM 

Framework 

92.4 ± 1.2% 0.28 ± 0.04 1.9 ± 0.3% 4.7 ± 0.2 

 

Research Gap. Despite significant advancements in artificial intelligence applications for 

agriculture, several critical limitations persist in contemporary systems that hinder their practical 

adoption and effectiveness in real-world farming environments. 

Lack of Explainability and Transparency. Current agricultural AI systems predominantly 

operate as black-box models, providing diagnostic predictions without interpretable justifications. 

This opacity undermines farmer trust and limits the adoption of AI tools, particularly among 

smallholder farmers who require understandable rationales before acting on automated 

recommendations. Existing systems rarely incorporate Explainable AI (XAI) techniques such as 

attention visualization or gradient-based attribution methods, leaving users unable to verify the 

basis of diagnostic conclusions. 

Exclusive Dependence on Visual Features. Predominant disease detection frameworks rely 

solely on computer vision techniques, analyzing leaf imagery in isolation from contextual 

agronomic information. This unimodal approach fails to account for critical factors such as 

environmental conditions, crop growth stage, regional disease prevalence, and historical field data. 

Consequently, these systems exhibit reduced accuracy when visual symptoms are ambiguous, 

occluded, or at early developmental stages. 

Limited Robustness Under Field Variability. Laboratory-trained models demonstrate 

significant performance degradation when deployed in uncontrolled field environments. 

Variations in illumination conditions, camera angles, leaf orientation, background clutter, and 

image quality substantially impact prediction reliability. Current systems lack adaptive 

mechanisms to handle this heterogeneity, resulting in inconsistent performance across different 

geographical regions, seasonal conditions, and imaging devices. 

Inadequate Decision Support Capabilities. Existing agricultural AI tools typically 

terminate at disease classification, providing categorical labels without actionable guidance. 

Farmers require comprehensive decision support encompassing treatment options, application 

protocols, preventive measures, and economic considerations. The absence of integrated 

recommendation systems forces users to consult separate information sources, diminishing the 

practical utility of AI diagnostics. 

Insufficient Multimodal Integration. While agricultural knowledge exists in diverse 

formatsðincluding scientific literature, extension manuals, sensor data, and expert observationsð

current systems fail to synthesize these heterogeneous information sources. The lack of multimodal 

learning frameworks prevents the exploitation of complementary signals from visual, textual, and 

numerical data streams. 

This research directly addresses these identified gaps through the development of a 

multimodal Vision Language Model framework that integrates explainable reasoning 

mechanisms, contextual agronomic knowledge, and actionable decision support within a unified 

architecture. 

Proposed System Architecture. The proposed system architecture comprises eight 

interconnected modules designed to facilitate end-to-end crop disease detection, explanation 

generation, and decision support. Each module performs specialized functions while maintaining 

seamless data flow throughout the framework. The architectural design emphasizes modularity, 

scalability, and interoperability with existing agricultural technology ecosystems. 

Data Acquisition Module. The Data Acquisition Module serves as the primary interface for 

collecting heterogeneous agricultural data from multiple sources. This module supports: 

- UAV Imagery: High-resolution aerial photographs captured via unmanned aerial vehicles 

equipped with RGB and multispectral cameras, providing field-scale disease surveillance at 

various growth stages. 
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- Smartphone Images: Ground-level photographs captured by farmers and field technicians 

using consumer-grade mobile devices, enabling decentralized data collection. 

- Multispectral Data: Near-infrared (NIR), red-edge, and other spectral band information 

for enhanced detection of physiological stress preceding visible symptom manifestation. 

- Environmental Sensor Data: Real-time measurements of temperature, relative humidity, 

soil moisture, pH levels, and precipitation obtained from Internet of Things (IoT) sensor networks 

deployed in agricultural fields. 

- Agricultural Text Data: Structured and unstructured textual information including 

scientific publications, extension service guidelines, pesticide databases, and historical disease 

outbreak records. 

The module implements data validation protocols to ensure quality control, including 

image resolution verification, sensor calibration checks, and metadata completeness assessment. 

Image Processing Module. The Image Processing Module prepares raw imagery for 

subsequent analysis through a series of computational operations: 

- Preprocessing: Application of histogram equalization, noise reduction filters (Gaussian, 

median), and color space normalization to standardize input images across varying capture 

conditions. 

- Image Enhancement: Adaptive contrast enhancement and sharpening techniques to 

improve visibility of subtle disease symptoms, particularly under suboptimal lighting conditions. 

- Segmentation: Implementation of semantic segmentation algorithms (e.g., U-Net, 

DeepLab) to isolate leaf regions from background elements such as soil, stems, and neighboring 

vegetation. 

- Data Augmentation: Generation of training samples through geometric transformations 

(rotation, flipping, scaling) and photometric adjustments (brightness, contrast, saturation 

variations) to improve model robustness. 

The module outputs standardized image tensors accompanied by segmentation masks 

indicating regions of interest for disease analysis. 

Vision Encoder Module. The Vision Encoder Module extracts discriminative visual 

features from processed imagery using state-of-the-art deep learning architectures: 

- Backbone Architecture: Implementation of Vision Transformer (ViT) or ConvNeXt 

models pretrained on large-scale image datasets (ImageNet-21k) and subsequently fine-tuned on 

agricultural disease datasets such as PlantVillage, AI Challenger, and domain-specific collections 

- Feature Extraction: Generation of hierarchical feature representations capturing both low-

level visual patterns (edges, textures, color distributions) and high-level semantic information 

(lesion morphology, symptom distribution, disease progression patterns) 

- Symptom Localization: Application of object detection frameworks (e.g., DETR, YOLO 

variants) to identify and localize specific disease symptoms including chlorosis, necrosis, 

sporulation, and lesion boundaries 

- Multiscale Analysis: Processing of images at multiple resolutions to capture both fine-

grained symptom details and broader spatial disease distribution patterns. 

The module produces fixed-dimensional feature vectors encoding visual disease 

characteristics for subsequent multimodal fusion. 

Language Encoder Module. The Language Encoder Module processes textual agricultural 

knowledge to generate semantic representations compatible with visual features: 

- Text Preprocessing: Tokenization, lemmatization, and normalization of agricultural text 

data including disease descriptions, treatment protocols, and scientific literature 

- Knowledge Representation: Utilization of pretrained Large Language Models (LLMs) 

such as LLaMA, Falcon, or domain-specific variants fine-tuned on agricultural corpora to encode 

textual information into dense vector embeddings 



21  

- Structured Knowledge Integration:Incorporation of knowledge graphs representing 

relationships between crops, pathogens, symptoms, environmental conditions, and treatment 

options using graph neural network techniques 

- Contextual Encoding: Generation of context-aware representations that account for 

regional variations, crop varieties, and seasonal factors influencing disease manifestation and 

management strategies. 

 

The module outputs textual embeddings that capture semantic relationships between 

disease symptoms, causal agents, and recommended interventions. The system architecture 

comprises eight interconnected modules, as detailed in Table 2. 

 

Table 2. System architecture modules and their functions 
Module Function 

Data Acquisition Collection of field imagery and sensor data 

Image Processing Enhancement and segmentation of crop images 

Vision Encoder Extraction of disease-related visual features 

Language Encoder Processing of agricultural textual knowledge 

Multimodal Fusion Integration of visual and textual representations 

Explainability Layer Generation of visual and textual interpretations 

Decision Support Module Production of treatment and management 

recommendations 
User Interface Farmer interaction and result visualization 

 

System Taxonomy. The hierarchical taxonomy of the proposed Vision Language Model 

framework for precision agriculture is illustrated in Figure 1. 
 

Figure 2. Taxonomy of Vision Language Models for Precision Agriculture showing data sources 

 

Methodology. Data Acquisition and Preprocessing. The framework utilizes multiple data 

sources to ensure comprehensive crop health assessment: 

- UAV Imagery: High-resolution aerial photographs captured at various growth stage 

- Smartphone Images: Ground-level photographs captured by farmers and field technician 

- Multispectral Data: Near-infrared and other spectral band information for enhanced disease 

detection 
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- Sensor Data: Environmental parameters including temperature, humidity, soil pH, and 

moisture level 

- Agricultural Text Data: Scientific literature, extension service guidelines, and historical 

disease records 

Vision Language Model Architecture. The visual encoding component utilizes state-of-the-

art transformer architectures, specifically Vision Transformer (ViT) and Contrastive Language-

Image Pretraining (CLIP) models. These architectures are pre-trained on large-scale datasets and 

subsequently fine-tuned on specialized agricultural disease datasets. The language component 

employs Large Language Models trained on agronomic literature, technical manuals, and expert 

knowledge repositories to generate contextually appropriate explanations and recommendations. 

Multimodal fusion is achieved through cross-attention mechanisms that enable the model to 

establish meaningful correlations between visual symptoms and their textual descriptions. 

Explainability Mechanisms. To ensure model transparency and build user trust, the 

framework implements several explainability techniques: 

1. GradCAM Visualization: Highlights image regions that most significantly influenced the 

model's diagnostic decision. 

2. Attention Maps: Illustrates which portions of text and imagery received model attention 

during inference. 

3. Natural Language Explanations: Provides comprehensible diagnostic descriptions in 

farmer-accessible language. 

4. Confidence Estimation: Quantifies model certainty in predictions to support informed 

decision-making 
 

 
Figure 3. GradCAM visualization examples showing disease symptom localization on affected leaves 

 

Knowledge Base Integration. The system employs Retrieval-Augmented Generation (RAG) 

mechanisms to maintain connections with: 

- Peer-reviewed scientific publications on plant pathology 

- Region-specific treatment recommendations and guidelines 

- Comprehensive pesticide databases and application protocols 

- Historical disease outbreak records and epidemiological data 

 

Expected Results and Performance Metrics. Quantitative Performance Targets. The 

framework targets the following performance benchmarks: 

- Disease classification accuracy: Ó92% 

- Inference time: <5 seconds per image 
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- Reduction in false positive rates: 35% improvement over existing methods 

- Enhancement in early detection capability: 40% improvement 

 

 
Figure 4. Comparative bar chart showing classification accuracy of different disease detection methods 

 

Qualitative Improvements: 

- Decision Transparency: Farmers receive comprehensible explanations supporting 

diagnostic conclusions 

- Accessibility: System operates on mobile devices with intermittent connectivity 

requirements 

- Adaptability: Framework accommodates regional conditions and diverse crop varieties 

- Sustainability: Targeted pesticide application reducing overall usage by 25-30% 

 

Practical Applications. Use Case Scenarios 

1. Routine Monitoring: Farmers capture plant photographs; system provides automated 

health analysis 

2. Early Warning: Detection of disease at pre-symptomatic or early symptomatic stages 

3. Consultative Support: Evidence-based treatment and prevention recommendations 

4. Documentation: Automated field condition logging and historical record maintenance 

 

Integration with Existing Systems. The framework is designed for compatibility with: 

- Precision agriculture platforms (John Deere Operations Center, Climate FieldView) 

- Farm management information systems 

- Meteorological and climate data services 

- Agricultural supply chain management systems 

Conclusion. The proposed Vision Language Model (VLM) approach to crop disease 

detection represents a significant paradigm shift in precision agriculture technology. By 

synergizing advanced computer vision, natural language processing, and rigorous explainability 

mechanisms, the developed framework transcends traditional black-box diagnostic tools. It 

establishes a holistic system that not only achieves high-fidelity disease diagnosis but also 

translates complex multimodal data into actionable, interpretable recommendations, thereby 

bridging the critical gap between algorithmic output and practical agricultural decision-making. 

The key advantages of the developed framework are multifaceted: 
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ṉ Comprehensive Multimodal Analysis:The framework effectively synthesizes 

heterogeneous data streams, fusing high-resolution visual inputs (e.g., UAV and smartphone 
imagery) with structured agronomic knowledge and real-time environmental sensor data to 

provide highly context-aware diagnostics. 

ṉ Enhanced Prediction Explainability:By deploying techniques such as GradCAM 

visualizations and natural language rationales, the system demystifies algorithmic reasoning. This 

transparency is critical for fostering user trust, facilitating expert validation, and encouraging 

widespread adoption among diverse farming communities. 

ṉ Robust Scalability:Leveraging transfer learning and a modular architecture, the framework 

is designed to adapt efficiently to diverse crop varieties, novel pathogen strains, and varying 

geographical agro-ecological zones without requiring complete model retraining from scratch. 

ṉ Seamless Ecosystem Integration: The system is engineered for interoperability, offering 

standardized APIs that allow for smooth integration with existing Farm Management Information 

Systems (FMIS), precision agriculture platforms, and agricultural supply chain management tools. 

Future research directions will  focus on addressing the remaining operational constraints of 

agricultural AI to ensure long-term viability. Key priorities include expanding the taxonomic range 

of supported crop varieties through continuous learning pipelines, and enhancing edge-computing 

capabilities (e.g., model quantization) to ensure robust, low-latency offline functionality in 

connectivity-constrained rural environments. Furthermore, subsequent iterations will  aim to 

develop highly personalized, economically optimized recommendations that dynamically account 

for specific farm-level conditions, resource availability, and local regulatory frameworks. 

Ultimately, the continued refinement and deployment of explainable multimodal AI in agriculture 

hold the potential to significantly mitigate global crop losses, optimize chemical resource 

utilization, and advance the overarching goals of sustainable, resilient, and productive global food 

systems. 
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ɸʥʥʦʪʘʮʠʷ. ʇʨʦʤʳʰʣʝʥʥʦʝ ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʝ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʚʳʨʘʞʝʥʥʫʶ ʚʨʝʤʝʥʥʫʶ 

ʘʩʠʤʤʝʪʨʠʶ: ʙʠʤʦʜʘʣʴʥʦʝ, ʩʢʦʰʝʥʥʦʝ ʚʧʨʘʚʦ ʨʘʩʧʨʝʜʝʣʝʥʠʝ, ʚʦʟʥʠʢʘʶʱʝʝ ʠʟ-ʟʘ ʯʝʨʝʜʫʶʱʠʭʩʷ 

ʮʠʢʣʦʚ ʧʨʦʠʟʚʦʜʩʪʚʘ ʠ ʦʩʪʘʥʦʚʢʠ, ʯʪʦ ʜʝʣʘʝʪ ʩʠʤʤʝʪʨʠʯʥʳʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ ʧʨʝʜʧʦʣʦʞʝʥʠʷ ʠ 

ʪʨʘʜʠʮʠʦʥʥʳʝ ʤʝʪʨʠʢʠ ʦʰʠʙʦʢ ʥʝʥʘʜʝʞʥʳʤʠ. ɺ ʜʘʥʥʦʡ ʩʪʘʪʴʝ ʵʪʘ ʘʩʠʤʤʝʪʨʠʷ 

ʨʘʩʩʤʘʪʨʠʚʘʝʪʩʷ ʥʘʧʨʷʤʫʶ ʧʫʪʝʤ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʠ ʦʮʝʥʢʠ ʜʚʫʭ ʛʠʙʨʠʜʥʳʭ ʘʨʭʠʪʝʢʪʫʨ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ð Prophet+LSTM ʠ SARIMA+LSTM ð ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʵʥʝʨʛʠʠ ʥʘ 24 ʯʘʩʘ 

ʚʧʝʨʝʜ ʥʘ ʭʣʝʙʦʟʘʚʦʜʝ GoldSapa (ʂʘʟʘʭʩʪʘʥ), ʦʩʥʘʱʝʥʥʦʤ 15 ʩʯʝʪʯʠʢʘʤʠ ʵʥʝʨʛʠʠ IoT. ʄʦʜʝʣʴ 

Prophet+LSTM ʜʦʩʪʠʛʘʝʪ MAE 3,39 ʢɺʪĀʯ, ʧʨʝʚʦʩʭʦʜʷ ʙʘʟʦʚʫʶ ʩʝʟʦʥʥʫʶ ʥʘʠʚʥʫʶ ʤʦʜʝʣʴ ʥʘ 12,3% 

ʠ ʩʥʠʞʘʷ ʦʰʠʙʢʫ ʠʟʦʣʠʨʦʚʘʥʥʦʛʦ Prophet ʥʘ 32,7%. ʆʩʪʘʪʦʯʥʘʷ ʢʦʨʨʝʢʮʠʷ LSTM ʩʥʠʞʘʝʪ 

ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʝ ʦʪʨʠʮʘʪʝʣʴʥʦʝ ʩʤʝʱʝʥʠʝ Prophet ʥʘ 69%. ʕʪʠ ʨʝʟʫʣʴʪʘʪʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ, 

ʯʪʦ ʷʚʥʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʚʨʝʤʝʥʥʦʡ ʘʩʠʤʤʝʪʨʠʠ ʩ ʧʦʤʦʱʴʶ ʛʠʙʨʠʜʥʳʭ ʩʪʘʪʠʩʪʠʢʦ-ʥʝʡʨʦʥʥʳʭ 

ʘʨʭʠʪʝʢʪʫʨ ʩʫʱʝʩʪʚʝʥʥʦ ʧʦʚʳʰʘʝʪ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʚ ʧʨʦʤʳʰʣʝʥʥʳʭ ʫʩʣʦʚʠʷʭ. 

 

ɺʚʝʜʝʥʠʝ. ʇʨʦʤʳʰʣʝʥʥʳʝ ʵʥʝʨʛʝʪʠʯʝʩʢʠʝ ʩʠʩʪʝʤʳ ʛʝʥʝʨʠʨʫʶʪ ʥʝʧʨʝʨʳʚʥʳʝ 

ʚʳʩʦʢʦʯʘʩʪʦʪʥʳʝ ʜʘʥʥʳʝ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ, ʪʨʘʜʠʮʠʦʥʥʦ ʤʦʜʝʣʠʨʫʝʤʳʝ ʩ ʥʝʷʚʥʳʤ 

ʧʨʝʜʧʦʣʦʞʝʥʠʝʤ ʦ ʚʨʝʤʝʥʥʦʡ ʩʠʤʤʝʪʨʠʠ ð ʯʪʦ ʧʨʦʰʣʳʝ ʠ ʙʫʜʫʱʠʝ ʨʘʩʧʨʝʜʝʣʝʥʠʷ 

ʧʘʪʪʝʨʥʦʚ ʧʦʪʨʝʙʣʝʥʠʷ ʩʪʘʪʠʩʪʠʯʝʩʢʠ ʵʢʚʠʚʘʣʝʥʪʥʳ. ʕʪʦ ʧʨʝʜʧʦʣʦʞʝʥʠʝ ʣʝʞʠʪ ʚ ʦʩʥʦʚʝ 

ʢʣʘʩʩʠʯʝʩʢʠʭ ʬʨʝʡʤʚʦʨʢʦʚ ʩʝʤʝʡʩʪʚʘ ɹʦʢʩʘïɼʞʝʥʢʠʥʩʘ (ARIMA/SARIMA),  ʨʘʟʣʘʛʘʶʱʠʭ 

ʨʷʜ ʥʘ ʪʨʝʥʜʦʚʫʶ, ʩʝʟʦʥʥʫʶ ʠ ʦʩʪʘʪʦʯʥʫʶ ʩʦʩʪʘʚʣʷʶʱʠʝ ʚ ʫʩʣʦʚʠʷʭ ʩʪʘʮʠʦʥʘʨʥʦʩʪʠ [1]. 

ʆʜʥʘʢʦ ʨʝʘʣʴʥʳʝ ʧʨʦʤʳʰʣʝʥʥʳʝ ʩʨʝʜʳ ð ʚ ʦʩʦʙʝʥʥʦʩʪʠ ʥʝʧʨʝʨʳʚʥʦʝ ʧʠʱʝʚʦʝ 

ʧʨʦʠʟʚʦʜʩʪʚʦ ð ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʧʦʩʪʦʷʥʥʳʤʠ ʦʧʝʨʘʮʠʦʥʥʳʤʠ ʩʙʦʷʤʠ: 

ʥʝʟʘʧʣʘʥʠʨʦʚʘʥʥʳʤʠ ʦʩʪʘʥʦʚʢʘʤʠ ʦʙʦʨʫʜʦʚʘʥʠʷ, ʧʝʨʝʙʦʷʤʠ ʚ ʵʣʝʢʪʨʦʩʥʘʙʞʝʥʠʠ ʠ 

ʦʪʢʘʟʘʤʠ ʜʘʪʯʠʢʦʚ, ʬʫʥʜʘʤʝʥʪʘʣʴʥʦ ʥʘʨʫʰʘʶʱʠʤʠ ʵʪʫ ʩʠʤʤʝʪʨʠʶ ʠ ʩʥʠʞʘʶʱʠʤʠ 

ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʘ [2]. 

ʊʝʦʨʠʷ ʢʦʥʮʝʧʪʫʘʣʴʥʦʛʦ ʜʨʝʡʬʘ ʬʦʨʤʘʣʠʟʫʝʪ ʥʘʙʣʶʜʝʥʠʝ, ʯʪʦ ʥʝʧʨʝʜʚʠʜʝʥʥʳʝ 

ʩʜʚʠʛʠ ʚ ʨʘʩʧʨʝʜʝʣʝʥʠʠ ʧʦʪʦʢʦʚʳʭ ʜʘʥʥʳʭ ʜʝʣʘʶʪ ʥʝʜʝʡʩʪʚʠʪʝʣʴʥʳʤʠ ʤʦʜʝʣʠ, ʦʙʫʯʝʥʥʳʝ 

ʥʘ ʩʠʤʤʝʪʨʠʯʥʳʭ ʧʨʝʜʧʦʣʦʞʝʥʠʷʭ [3]. ʕʤʧʠʨʠʯʝʩʢʠʝ ʠʩʩʣʝʜʦʚʘʥʠʷ ʧʦʜʪʚʝʨʞʜʘʶʪ: 

SARIMA ʠ Prophet, ʙʫʜʫʯʠ ʵʬʬʝʢʪʠʚʥʳʤʠ ʧʨʠ ʩʪʘʙʠʣʴʥʦʡ ʩʝʟʦʥʥʦʩʪʠ, ʥʝ ʩʧʦʩʦʙʥʳ 

ʫʣʘʚʣʠʚʘʪʴ ʥʝʣʠʥʝʡʥʫʶ ʘʩʠʤʤʝʪʨʠʯʥʫʶ ʦʩʪʘʪʦʯʥʫʶ ʜʠʥʘʤʠʢʫ, ʚʦʟʥʠʢʘʶʱʫʶ ʚ ʭʦʜʝ ʩʙʦʝʚ 

[4, 5]. ʕʪʘ ʥʝʩʧʦʩʦʙʥʦʩʪʴ ʥʦʩʠʪ ʘʨʭʠʪʝʢʪʫʨʥʳʡ ʭʘʨʘʢʪʝʨ ð ʩʠʤʤʝʪʨʠʯʥʳʝ ʜʦʧʫʱʝʥʠʷ 

ʚʩʪʨʦʝʥʳ ʚ ʧʨʦʮʝʜʫʨʳ ʦʮʝʥʢʠ ʧʘʨʘʤʝʪʨʦʚ, ʯʪʦ ʩʪʨʫʢʪʫʨʥʦ ʣʠʰʘʝʪ ʢʣʘʩʩʠʯʝʩʢʠʝ ʤʦʜʝʣʠ 

ʚʦʟʤʦʞʥʦʩʪʠ ʦʧʠʩʳʚʘʪʴ ʘʩʠʤʤʝʪʨʠʯʥʫʶ ʚʦʣʘʪʠʣʴʥʦʩʪʴ ʠ ʩʢʦʰʝʥʥʳʝ ʨʘʩʧʨʝʜʝʣʝʥʠʷ 

ʦʰʠʙʦʢ [6]. ɼʣʷ ʧʨʝʦʜʦʣʝʥʠʷ ʵʪʠʭ ʦʛʨʘʥʠʯʝʥʠʡ ʛʠʙʨʠʜʥʳʝ ʘʨʭʠʪʝʢʪʫʨʳ, ʦʙʲʝʜʠʥʷʶʱʠʝ 

SARIMA ʠʣʠ ARIMA ʩ ʩʝʪʷʤʠ ʜʦʣʛʦʡ ʢʨʘʪʢʦʩʨʦʯʥʦʡ ʧʘʤʷʪʠ (LSTM), ʫʪʚʝʨʜʠʣʠʩʴ ʚ 

ʢʘʯʝʩʪʚʝ ʜʦʤʠʥʠʨʫʶʱʝʡ ʧʘʨʘʜʠʛʤʳ: ʩʪʘʪʠʩʪʠʯʝʩʢʠʡ ʢʦʤʧʦʥʝʥʪ ʬʠʢʩʠʨʫʝʪ ʩʠʤʤʝʪʨʠʯʥʳʡ 

ʩʝʟʦʥʥʳʡ ʩʠʛʥʘʣ, ʘ LSTM ʦʙʫʯʘʝʪʩʷ ʥʘ ʘʩʠʤʤʝʪʨʠʯʥʳʭ ʦʪʢʣʦʥʝʥʠʷʭ, ʥʝʜʦʩʪʫʧʥʳʭ ʜʣʷ 

ʧʘʨʘʤʝʪʨʠʯʝʩʢʠʭ ʤʝʪʦʜʦʚ [7-9]. 

ʅʝʩʤʦʪʨʷ ʥʘ ʧʨʦʛʨʝʩʩ, ʤʝʞʜʫ ʘʢʘʜʝʤʠʯʝʩʢʠʤ ʙʝʥʯʤʘʨʢʠʥʛʦʤ ʠ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʤ 

ʨʘʟʚʸʨʪʳʚʘʥʠʝʤ ʩʦʭʨʘʥʷʝʪʩʷ ʢʨʠʪʠʯʝʩʢʠʡ ʨʘʟʨʳʚ: ʙʦʣʴʰʠʥʩʪʚʦ ʠʩʩʣʝʜʦʚʘʥʠʡ ʦʮʝʥʠʚʘʶʪ 

ʤʦʜʝʣʠ ʥʘ ʯʠʩʪʳʭ ʠʣʠ ʩʠʥʪʝʪʠʯʝʩʢʠʭ ʥʘʙʦʨʘʭ ʜʘʥʥʳʭ, ʦʩʪʘʚʣʷʷ ʥʝʠʟʫʯʝʥʥʳʤ ʧʦʚʝʜʝʥʠʝ 

ʛʠʙʨʠʜʥʳʭ ʘʨʭʠʪʝʢʪʫʨ ʚ ʚʳʩʦʢʦʰʫʤʥʳʭ ʨʝʘʣʴʥʳʭ ʫʩʣʦʚʠʷʭ ʩ ʫʩʪʦʡʯʠʚʦʡ ʚʨʝʤʝʥʥʦʡ 

ʘʩʠʤʤʝʪʨʠʝʡ [10, 11]. ʀʥʪʝʛʨʘʮʠʷ ʦʙʥʘʨʫʞʝʥʠʷ ʘʥʦʤʘʣʠʡ ʩ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʤʠ 
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ʢʦʥʚʝʡʝʨʘʤʠ ʠʥʢʨʝʤʝʥʪʘʣʴʥʦʛʦ ʧʝʨʝʦʙʫʯʝʥʠʷ ʚ ʨʘʤʢʘʭ MLOps-ʬʨʝʡʤʚʦʨʢʘ ʜʣʷ ʧʠʱʝʚʦʡ 

ʧʨʦʤʳʰʣʝʥʥʦʩʪʠ ʨʘʥʝʝ ʥʝ ʜʝʤʦʥʩʪʨʠʨʦʚʘʣʘʩʴ [8]. 

ɺ ʜʘʥʥʦʡ ʩʪʘʪʴʝ ʵʪʠ ʧʨʦʙʝʣʳ ʫʩʪʨʘʥʷʶʪʩʷ ʧʦʩʨʝʜʩʪʚʦʤ ʧʦʣʥʦʛʦ ʵʤʧʠʨʠʯʝʩʢʦʛʦ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʥʘ ʧʨʝʜʧʨʠʷʪʠʠ ʧʦ ʧʨʦʠʟʚʦʜʩʪʚʫ ʭʣʝʙʘ GoldSapa (ɹʫʣʘʢʪʳ, ɸʣʤʘʪʠʥʩʢʘʷ 

ʦʙʣʘʩʪʴ, ʂʘʟʘʭʩʪʘʥ), ʛʜʝ 15 IoT-ʩʯʸʪʯʠʢʦʚ ʵʥʝʨʛʠʠ ʧʝʨʝʜʘʶʪ ʜʘʥʥʳʝ ʯʝʨʝʟ MQTT ʚ 

InfluxDB, ʛʝʥʝʨʠʨʫʷ 4 724 ʝʞʝʯʘʩʥʳʭ ʚʳʙʦʨʢʠ ʟʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ ʥʝʧʨʝʨʳʚʥʦʛʦ 

ʧʨʦʠʟʚʦʜʩʪʚʘ. ʇʨʝʜʧʨʠʷʪʠʝ ʬʦʨʤʠʨʫʝʪ ʙʠʤʦʜʘʣʴʥʳʡ ʘʩʠʤʤʝʪʨʠʯʥʳʡ ʧʨʦʬʠʣʴ ʥʘʛʨʫʟʢʠ: 

ʧʠʢʦʚʦʝ ʧʦʪʨʝʙʣʝʥʠʝ 14ï19 ʢɺʪĿʯ/ʯ ʚ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʝ ʯʘʩʳ ʠ ʙʣʠʟʢʦʝ ʢ ʥʫʣʶ ð ʚ 

ʧʝʨʠʦʜʳ ʧʣʘʥʦʚʳʭ ʦʩʪʘʥʦʚʦʢ. ʄʳ ʧʨʝʜʣʘʛʘʝʤ ʠ ʩʨʘʚʥʠʚʘʝʤ ʜʚʘ ʛʠʙʨʠʜʥʳʭ ʢʦʥʚʝʡʝʨʘ ð 

Prophet+LSTM ʠ SARIMA+LSTM, ð ʚ ʢʦʪʦʨʳʭ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ ʬʠʢʩʠʨʫʶʪ 

ʙʘʟʦʚʫʶ ʩʝʟʦʥʥʫʶ ʩʪʨʫʢʪʫʨʫ, ʘ ʩʣʦʠ LSTM ʦʙʫʯʘʶʪʩʷ ʥʘ ʘʩʠʤʤʝʪʨʠʯʥʦʡ ʦʩʪʘʪʦʯʥʦʡ 

ʜʠʥʘʤʠʢʝ. ɸʥʦʤʘʣʠʠ ʚʳʷʚʣʷʶʪʩʷ ʘʣʛʦʨʠʪʤʦʤ Isolation Forest. ʇʦ ʠʪʦʛʘʤ 14-ʜʥʝʚʥʦʛʦ 

ʪʝʩʪʠʨʦʚʘʥʠʷ Prophet+LSTM ʜʦʩʪʠʛʘʝʪ MAE = 3,39 ʢɺʪĿʯ ð ʥʘ 32,7% ʥʠʞʝ ʦʰʠʙʢʠ 

Prophet-alone, ð ʩʦ ʩʥʠʞʝʥʠʝʤ ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʛʦ ʩʤʝʱʝʥʠʷ ʥʘ 69% (ʩ ī3,60 ʜʦ ī1,13 

ʢɺʪĿʯ). ɿʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦʡ ʵʢʩʧʣʫʘʪʘʮʠʠ ʩ ʠʥʢʨʝʤʝʥʪʘʣʴʥʳʤ 

ʧʝʨʝʦʙʫʯʝʥʠʝʤ MAE ʫʣʫʯʰʠʣʩʷ ʥʘ 35% (7,02 Ÿ 4,58 ʢɺʪĿʯ), ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʷʚʥʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʚʨʝʤʝʥʥʦʡ ʘʩʠʤʤʝʪʨʠʠ ʜʣʷ ʧʨʦʤʳʰʣʝʥʥʦʛʦ IoT-

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. 

ʄʘʪʝʨʠʘʣʳ ʠ ʤʝʪʦʜʳ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʧʨʦʚʦʜʠʣʦʩʴ ʥʘ ʭʣʝʙʦʟʘʚʦʜʝ GoldSapa, 

ʨʘʩʧʦʣʦʞʝʥʥʦʤ ʚ ɸʣʤʘʪʳ (ʂʘʟʘʭʩʪʘʥ, UTC+5) ʠ ʨʘʙʦʪʘʶʱʝʤ ʚ ʨʝʞʠʤʝ ʥʝʧʨʝʨʳʚʥʦʛʦ 

ʤʥʦʛʦʩʤʝʥʥʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ ʩʝʤʴ ʜʥʝʡ ʚ ʥʝʜʝʣʶ. ʇʨʝʜʧʨʠʷʪʠʝ ʚʳʧʫʩʢʘʝʪ ʭʣʝʙʦʙʫʣʦʯʥʳʝ 

ʠʟʜʝʣʠʷ ʚ ʧʝʨʝʢʨʳʚʘʶʱʠʭʩʷ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʩʤʝʥʘʭ, ʬʦʨʤʠʨʫʷ 

ʚʳʩʦʢʦʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʡ, ʥʦ ʘʩʠʤʤʝʪʨʠʯʥʳʡ ʧʨʦʬʠʣʴ ʥʘʛʨʫʟʢʠ: ʧʠʢʦʚʦʝ ʩʫʤʤʘʨʥʦʝ 

ʧʦʪʨʝʙʣʝʥʠʝ ʦʢʦʣʦ 14ï19 ʢɺʪĿʯ/ʯ ʚ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʝ ʯʘʩʳ (06:00ï18:00 ʧʦ ʤʝʩʪʥʦʤʫ 

ʚʨʝʤʝʥʠ) ʠ ʧʦʯʪʠ ʥʫʣʝʚʦʝ ʧʦʪʨʝʙʣʝʥʠʝ (0ï2 ʢɺʪĿʯ/ʯ) ʚ ʦʢʥʘ ʪʝʭʥʠʯʝʩʢʦʛʦ ʦʙʩʣʫʞʠʚʘʥʠʷ ʠ 

ʧʣʘʥʦʚʳʭ ʦʩʪʘʥʦʚʦʢ. ʕʪʦ ʙʠʤʦʜʘʣʴʥʦʝ, ʩʢʦʰʝʥʥʦʝ ʚʧʨʘʚʦ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʵʥʝʨʛʠʠ 

ʩʦʩʪʘʚʣʷʝʪ ʦʩʥʦʚʥʫʶ ʚʨʝʤʝʥʥʫ¾ʶ ʘʩʠʤʤʝʪʨʠʶ, ʨʘʩʩʤʘʪʨʠʚʘʝʤʫʶ ʚ ʜʘʥʥʦʤ ʠʩʩʣʝʜʦʚʘʥʠʠ. 

ʆʙʲʝʢʪ ʦʩʥʘʱʸʥ 15 IoT-ʩʯʸʪʯʠʢʘʤʠ ʵʣʝʢʪʨʦʵʥʝʨʛʠʠ: 12 ʧʨʠʙʦʨʘʤʠ Dala ʠ 3 ʧʨʠʙʦʨʘʤʠ 

Orman, ʢʘʞʜʳʡ ʠʟ ʢʦʪʦʨʳʭ ʧʦʩʪʨʦʝʥ ʥʘ ʧʣʘʪʬʦʨʤʝ ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨʘ ESP32. ɺʩʝ ʩʯʸʪʯʠʢʠ 

ʧʝʨʝʜʘʶʪ ʠʟʤʝʨʝʥʠʷ ʘʢʪʠʚʥʦʡ ʤʦʱʥʦʩʪʠ (ʧʦʣʝ: value_active_power_w, ʝʜʠʥʠʮʘ ʠʟʤʝʨʝʥʠʷ: 

ɺʪ) ʩ ʠʥʪʝʨʚʘʣʦʤ ʦʢʦʣʦ ʧʷʪʠ ʤʠʥʫʪ ʧʦ ʧʨʦʪʦʢʦʣʫ MQTT ʥʘ ʙʨʦʢʝʨ Mosquitto (ʧʦʨʪ 30511). 

ɼʚʘ ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʩʯʸʪʯʠʢʘ ʙʳʣʠ ʠʩʢʣʶʯʝʥʳ ʠʟ ʘʥʘʣʠʟʘ ʠʟ-ʟʘ ʫʩʪʦʡʯʠʚʳʭ ʧʨʦʧʫʩʢʦʚ 

ʜʘʥʥʳʭ, ʧʨʝʚʳʰʘʶʱʠʭ ʧʦʨʦʛ ʠʥʪʝʨʧʦʣʷʮʠʠ. ɺʩʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʝʡ, ʚʳʚʦʜ ʠ 

ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦʝ ʧʣʘʥʠʨʦʚʘʥʠʝ ʚʳʧʦʣʥʷʣʠʩʴ ʥʘ ʩʝʨʚʝʨʝ ASUS DGX Spark (ʘʨʭʠʪʝʢʪʫʨʘ 

ARM64/aarch64, Ubuntu 24.04 LTS) ʚ ʪʝʯʝʥʠʝ ʚʦʩʴʤʠ ʥʝʜʝʣʴ ʥʝʧʨʝʨʳʚʥʦʡ ʵʢʩʧʣʫʘʪʘʮʠʠ. 
 

ʈʠʩ. 1 ʂʦʥʚʝʡʝʨ ʜʘʥʥʳʭ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ GoldSapa 

 

ʇʦʣʥʳʡ ʢʦʥʚʝʡʝʨ ʜʘʥʥʳʭ ʧʨʦʠʣʣʶʩʪʨʠʨʦʚʘʥ ʥʘ ʨʠʩ. 1. ʅʝʦʙʨʘʙʦʪʘʥʥʳʝ ʩʦʦʙʱʝʥʠʷ 

MQTT ʧʨʠʥʠʤʘʣʠʩʴ ʘʛʝʥʪʦʤ Telegraf, ʢʦʪʦʨʳʡ ʧʨʠʩʚʘʠʚʘʣ ʢʘʞʜʦʤʫ ʥʘʙʣʶʜʝʥʠʶ 

ʠʜʝʥʪʠʬʠʢʘʪʦʨ ʫʩʪʨʦʡʩʪʚʘ (thingId) ʠ ʟʘʧʠʩʳʚʘʣ ʟʘʧʠʩʠ ʚ ʙʘʟʫ ʜʘʥʥʳʭ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ 
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InfluxDB v2.7.4 (ʦʨʛʘʥʠʟʘʮʠʷ: opentwins, ʢʦʨʟʠʥʘ: default). ʆʨʢʝʩʪʨʠʨʫʝʤʘʷ Kubernetes 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʘ ʥʘ ʙʘʟʝ ʧʣʘʪʬʦʨʤʳ OpenTwins [12] ʫʧʨʘʚʣʷʣʘ ʚʩʝʤʠ 

ʢʦʥʪʝʡʥʝʨʠʟʠʨʦʚʘʥʥʳʤʠ ʩʝʨʚʠʩʘʤʠ: ʙʨʦʢʝʨʦʤ MQTT, InfluxDB, Grafana (ʚʠʟʫʘʣʠʟʘʮʠʷ 

ʜʘʰʙʦʨʜʦʚ) ʠ ʩʣʦʝʤ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ Eclipse Ditto ʜʣʷ ʫʧʨʘʚʣʝʥʠʷ ʫʩʪʨʦʡʩʪʚʘʤʠ. 

ɼʣʷ ʮʝʣʝʡ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʠʟ InfluxDB ʠʟʚʣʝʢʘʣʠʩʴ ʯʘʩʦʚʳʝ ʘʛʨʝʛʘʪʳ 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ ʩ ʧʦʤʦʱʴʶ ʟʘʧʨʦʩʦʚ Flux, ʚʳʯʠʩʣʷʚʰʠʭ ʩʨʝʜʥʝʯʘʩʦʚʦʝ ʟʥʘʯʝʥʠʝ 

ʘʢʪʠʚʥʦʡ ʤʦʱʥʦʩʪʠ ʧʦ ʢʘʞʜʦʤʫ ʫʩʪʨʦʡʩʪʚʫ (ʚ ɺʪ) ʠ ʩʫʤʤʠʨʦʚʘʚʰʠʭ ʨʝʟʫʣʴʪʘʪ ʧʦ ʚʩʝʤ 15 

ʘʢʪʠʚʥʳʤ ʩʯʸʪʯʠʢʘʤ ʩ ʧʝʨʝʚʦʜʦʤ ʚ ʢʠʣʦʚʘʪʪ-ʯʘʩʳ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʩʫʤʤʘʨʥʦʝ ʯʘʩʦʚʦʝ 

ʧʦʪʨʝʙʣʝʥʠʝ ʦʙʲʝʢʪʘ Et (ʢɺʪĿʯ) ʚ ʤʦʤʝʥʪ t ʦʧʨʝʜʝʣʷʣʦʩʴ ʢʘʢ ʩʨʝʜʥʝʝ ʟʥʘʯʝʥʠʝ ʘʢʪʠʚʥʦʡ 

ʤʦʱʥʦʩʪʠ Pd,t (ɺʪ) ʫʩʪʨʦʡʩʪʚʘ d ʟʘ ʯʘʩ t, ʫʩʨʝʜʥʸʥʥʦʝ ʧʦ ʚʩʝʤ 15 ʧʨʠʙʦʨʘʤ ʠ ʜʝʣʸʥʥʦʝ ʥʘ 

1000. ʈʝʟʫʣʴʪʘʪʳ ʧʨʦʛʥʦʟʦʚ ʦʙʦʠʭ ʢʦʥʚʝʡʝʨʦʚ ʟʘʧʠʩʳʚʘʣʠʩʴ ʦʙʨʘʪʥʦ ʚ ʚʳʜʝʣʝʥʥʳʝ 

ʢʦʨʟʠʥʳ InfluxDB (energy_forecast ʠ energy_forecast_sarima) ʠ ʚʠʟʫʘʣʠʟʠʨʦʚʘʣʠʩʴ ʚ ʨʝʞʠʤʝ 

ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ ʥʘ ʜʘʰʙʦʨʜʘʭ Grafana, ʦʪʦʙʨʘʞʘʶʱʠʭ ʥʘʙʣʶʜʘʝʤʦʝ ʠ ʧʨʦʛʥʦʟʠʨʫʝʤʦʝ 

ʧʦʪʨʝʙʣʝʥʠʝ, ʩʢʦʣʴʟʷʱʠʝ ʤʝʪʨʠʢʠ ʦʰʠʙʦʢ (MAE, RMSE, MAPE), ʥʘʣʦʞʝʥʠʷ ʘʥʦʤʘʣʠʡ ʠ 

ʠʩʪʦʨʠʶ ʩʦʩʪʦʷʥʠʷ ʦʙʫʯʝʥʠʷ. 

ʊʘʙʣʠʮʘ 1. ʉʚʦʜʥʘʷ ʩʪʘʪʠʩʪʠʢʘ ʥʘʙʦʨʘ ʜʘʥʥʳʭ 
ʉʚʦʡʩʪʚʦ ɿʥʘʯʝʥʠʝ 

ʇʝʨʠʦʜ ʥʘʙʣʶʜʝʥʠʷ 15 ʩʝʥ 2025 ï 31 ʤʘʨ 2026 

ɽʞʝʯʘʩʥʳʝ ʥʘʙʣʶʜʝʥʠʷ 4724 

ɸʢʪʠʚʥʳʝ IoT-ʩʯʝʪʯʠʢʠ 15 (12 Dala, 3 Orman) 

ʉʨʝʜʥʝʝ ʧʦʪʨʝʙʣʝʥʠʝ 11,08 ʢɺʪĿʯ 

ʉʪʘʥʜʘʨʪʥʦʝ ʦʪʢʣʦʥʝʥʠʝ 6,99 ʢɺʪĿʯ 

 

ʈʝʟʫʣʴʪʘʪʳ. ʅʘ ʨʠʩ. 2 ʧʨʝʜʩʪʘʚʣʝʥ ʧʦʣʥʳʡ 197-ʜʥʝʚʥʳʡ ʚʨʝʤʝʥʥʦʡ ʨʷʜ 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ, ʦʭʚʘʪʳʚʘʶʱʠʡ 4 724 ʝʞʝʯʘʩʥʳʭ ʥʘʙʣʶʜʝʥʠʡ. ʇʨʦʬʠʣʴ ʥʘʛʨʫʟʢʠ 

ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʷʨʢʦ ʚʳʨʘʞʝʥʥʳʤ ʙʠʤʦʜʘʣʴʥʳʤ ʨʘʩʧʨʝʜʝʣʝʥʠʝʤ: ʩʦʩʪʦʷʥʠʝ ʚʳʩʦʢʦʡ 

ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ (14ï19 ʢɺʪĿʯ/ʯ, 06:00ï18:00 ʧʦ ʤʝʩʪʥʦʤʫ ʚʨʝʤʝʥʠ) ʠ ʧʦʯʪʠ 

ʥʫʣʝʚʦʝ ʩʦʩʪʦʷʥʠʝ ʦʩʪʘʥʦʚʢʠ (0ï2 ʢɺʪĿʯ/ʯ, 20:00ï05:00). ʂʦʵʬʬʠʮʠʝʥʪ ʚʘʨʠʘʮʠʠ (ů/ɛ = 

6,99/11,08 = 0,63) ʩʫʱʝʩʪʚʝʥʥʦ ʧʨʝʚʳʰʘʝʪ ʟʥʘʯʝʥʠʷ, ʪʠʧʠʯʥʳʝ ʜʣʷ ʧʨʦʤʳʰʣʝʥʥʳʭ 

ʧʨʝʜʧʨʠʷʪʠʡ ʥʝʧʨʝʨʳʚʥʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ. ʈʘʩʧʨʝʜʝʣʝʥʠʝ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʟʘʤʝʪʥʫʶ 

ʧʨʘʚʦʩʪʦʨʦʥʥʶʶ ʘʩʠʤʤʝʪʨʠʶ: ʥʘʙʣʶʜʝʥʠʷ ʚ ʯʘʩʳ ʦʩʪʘʥʦʚʦʢ ʢʦʥʮʝʥʪʨʠʨʫʶʪʩʷ ʚʙʣʠʟʠ 

ʥʫʣʷ, ʦʙʨʘʟʫʷ ʦʪʜʝʣʴʥʳʡ ʢʣʘʩʪʝʨ, ʦʪʜʝʣʸʥʥʳʡ ʦʪ ʤʘʩʩʳ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʯʘʩʦʚ. ʕʪʘ 

ʚʥʫʪʨʠʜʥʝʚʥʘʷ ʘʩʠʤʤʝʪʨʠʷ ʷʚʣʷʝʪʩʷ ʜʦʤʠʥʠʨʫʶʱʝʡ ʩʪʨʫʢʪʫʨʥʦʡ ʦʩʦʙʝʥʥʦʩʪʴʶ ʥʘʙʦʨʘ 

ʜʘʥʥʳʭ. ɺʨʝʤʝʥʥʘ¾ʷ ʘʩʠʤʤʝʪʨʠʷ ʧʨʦʷʚʣʷʝʪʩʷ ʥʘ ʪʨʸʭ ʚʨʝʤʝʥʥʳ¾ʭ ʤʘʩʰʪʘʙʘʭ. ʅʘ ʩʫʪʦʯʥʦʤ 

ʫʨʦʚʥʝ ʧʝʨʝʭʦʜ çʧʨʦʠʟʚʦʜʩʪʚʦïʦʩʪʘʥʦʚʢʘè ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʨʝʟʢʠʡ ʩʜʚʠʛ ʫʨʦʚʥʷ 

ʧʨʠʙʣʠʟʠʪʝʣʴʥʦ ʥʘ 12ï14 ʢɺʪĿʯ/ʯ, ʧʨʦʠʩʭʦʜʷʱʠʡ ʚ ʪʝʯʝʥʠʝ 1ï2 ʯʘʩʦʚ ʥʘ ʛʨʘʥʠʮʘʭ ʩʤʝʥ ð 

ʧʘʪʪʝʨʥ, ʢʦʪʦʨʳʡ ʤʦʜʝʣʠ ʢʣʘʩʩʘ ARMA ʬʠʢʩʠʨʫʶʪ ʣʠʰʴ ʧʨʠʙʣʠʟʠʪʝʣʴʥʦ ʧʦʩʨʝʜʩʪʚʦʤ 

ʜʠʬʬʝʨʝʥʮʠʨʦʚʘʥʠʷ. ʅʘ ʥʝʜʝʣʴʥʦʤ ʫʨʦʚʥʝ ʩʨʝʜʥʝʝ ʩʫʤʤʘʨʥʦʝ ʧʦʪʨʝʙʣʝʥʠʝ ʚ ʚʦʩʢʨʝʩʝʥʴʝ 

ʩʦʩʪʘʚʣʷʝʪ 10,8 ʢɺʪĿʯ/ʯ ʧʨʦʪʠʚ 11,4 ʢɺʪĿʯ/ʯ ʚ ʙʫʜʥʠʝ ʜʥʠ (ʩʥʠʞʝʥʠʝ ʥʘ 5,3%), ʯʪʦ 

ʦʙʫʩʣʦʚʣʝʥʦ ʩʦʢʨʘʱʸʥʥʳʤ ʰʪʘʪʦʤ. ʅʘ ʤʥʦʛʦʤʝʩʷʯʥʦʤ ʫʨʦʚʥʝ ʩ ʤʘʨʪʘ 2026 ʛʦʜʘ ʚʠʜʝʥ 

ʩʪʨʫʢʪʫʨʥʳʡ ʥʠʩʭʦʜʷʱʠʡ ʩʜʚʠʛ ʧʨʠʙʣʠʟʠʪʝʣʴʥʦ ʥʘ 1,5ï2,0 ʢɺʪĿʯ/ʯ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʧʝʨʠʦʜʦʤ ʦʙʫʯʝʥʠʷ (ʩʝʥʪʷʙʨʴïʬʝʚʨʘʣʴ). ʕʪʦʪ ʩʜʚʠʛ ʠʤʝʝʪ ʩʫʱʝʩʪʚʝʥʥʳʝ ʧʦʩʣʝʜʩʪʚʠʷ ʜʣʷ 

ʦʮʝʥʢʠ ʥʘ ʪʝʩʪʦʚʦʡ ʚʳʙʦʨʢʝ: ʚʩʝ ʤʦʜʝʣʠ, ʦʙʫʯʝʥʥʳʝ ʥʘ ʜʘʥʥʳʭ ʙʦʣʝʝ ʨʘʥʥʝʛʦ ʧʝʨʠʦʜʘ, 

ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʥʝʜʦʦʮʝʥʠʚʘʶʪ ʧʦʪʨʝʙʣʝʥʠʝ ʚ ʤʘʨʪʝ, ʬʦʨʤʠʨʫʷ ʫʩʪʦʡʯʠʚʦʝ ʦʪʨʠʮʘʪʝʣʴʥʦʝ 

ʩʤʝʱʝʥʠʝ. 

ʊʘʙʣʠʮʘ 1 ʦʪʨʘʞʘʝʪ ʩʚʦʜʥʳʝ ʤʝʪʨʠʢʠ ʪʦʯʥʦʩʪʠ ʧʦ 14 ʥʝʟʘʚʠʩʠʤʳʤ 24-ʯʘʩʦʚʳʤ 

ʵʧʠʟʦʜʘʤ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ (17ï31 ʤʘʨʪʘ 2026 ʛ., 336 ʯʘʩʦʚʳʭ ʧʨʝʜʩʢʘʟʘʥʠʡ ʩʫʤʤʘʨʥʦ). 

ɸʨʭʠʪʝʢʪʫʨʘ Prophet+LSTM ʦʢʘʟʘʣʘʩʴ ʝʜʠʥʩʪʚʝʥʥʦʡ ʤʦʜʝʣʴʶ, ʧʨʝʚʟʦʰʝʜʰʝʡ ʙʘʟʦʚʳʡ 

ʩʝʟʦʥʥʳʡ ʥʘʠʚʥʳʡ ʘʣʛʦʨʠʪʤ (Seasonal Naïve), ʜʦʩʪʠʛʥʫʚ MAE = 3,39 ʢɺʪĿʯ ð ʫʣʫʯʰʝʥʠʝ ʥʘ 

12,3% (ī0,47 ʢɺʪĿʯ) ʦʪʥʦʩʠʪʝʣʴʥʦ Seasonal Naïve (MAE = 3,86 ʢɺʪĿʯ). ɺʩʝ ʦʩʪʘʣʴʥʳʝ 
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ʤʦʜʝʣʠ, ʚʢʣʶʯʘʷ ʘʚʪʦʥʦʤʥʳʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ, ʧʦʢʘʟʘʣʠ ʨʝʟʫʣʴʪʘʪʳ ʭʫʞʝ ʵʪʦʛʦ ʥʘʠʚʥʦʛʦ 

ʦʨʠʝʥʪʠʨʘ. ʇʨʠʤʝʯʘʪʝʣʴʥʦ, ʯʪʦ SARIMA-only (MAE = 4,73 ʢɺʪĿʯ) ʫʩʪʫʧʘʝʪ Seasonal Naïve 

ʚʦʧʨʝʢʠ ʙʦʣʝʝ ʩʣʦʞʥʦʡ ʧʘʨʘʤʝʪʨʠʟʘʮʠʠ: ʩʣʫʯʘʡʥʦ-ʙʣʫʞʜʘʶʱʝʝ ʷʜʨʦ ARIMA(0,1,0) 

ʥʘʢʘʧʣʠʚʘʝʪ ʦʰʠʙʢʫ ʫʨʦʚʥʷ ʥʘ ʛʦʨʠʟʦʥʪʝ 24 ʯʘʩʘ ʙʳʩʪʨʝʝ, ʯʝʤ ʧʨʦʩʪʦʝ ʚʦʩʧʨʦʠʟʚʝʜʝʥʠʝ 

ʩʫʪʦʯʥʦʛʦ ʧʘʪʪʝʨʥʘ. Prophet-only (MAE = 5,04 ʢɺʪĿʯ) ʪʘʢʞʝ ʧʨʦʠʛʨʳʚʘʝʪ ʥʘʠʚʥʦʤʫ 

ʦʨʠʝʥʪʠʨʫ: ʙʘʡʝʩʦʚʩʢʘʷ ʪʨʝʥʜ-ʩʝʟʦʥʥʘʷ ʤʦʜʝʣʴ ʙʝʟ ʢʦʨʨʝʢʮʠʠ ʦʩʪʘʪʢʦʚ ʚʥʦʩʠʪ 

ʩʫʱʝʩʪʚʝʥʥʦʝ ʩʤʝʱʝʥʠʝ ʚ ʫʩʣʦʚʠʷʭ ʤʘʨʪʦʚʩʢʦʛʦ ʩʜʚʠʛʘ ʫʨʦʚʥʷ. 

ʇʨʦʬʠʣʴ ʥʘʛʨʫʟʢʠ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ̫ ʨʢʦ ʚʳʨʘʞʝʥʥʳʤ ʙʠʤʦʜʘʣʴʥʳʤ ʨʘʩʧʨʝʜʝʣʝʥʠʝʤ. 

ɺʥʫʪʨʠʜʥʝʚʥʘʷ ʘʩʠʤʤʝʪʨʠʷ ʷʚʣʷʝʪʩʷ ʜʦʤʠʥʠʨʫʶʱʝʡ ʩʪʨʫʢʪʫʨʥʦʡ ʦʩʦʙʝʥʥʦʩʪʴʶ ʥʘʙʦʨʘ 

ʜʘʥʥʳʭ. ɸʨʭʠʪʝʢʪʫʨʘ Prophet+LSTM ʦʢʘʟʘʣʘʩʴ ʝʜʠʥʩʪʚʝʥʥʦʡ ʤʦʜʝʣʴʶ, ʧʨʝʚʟʦʰʝʜʰʝʡ 

ʙʘʟʦʚʳʡ ʩʝʟʦʥʥʳʡ ʥʘʠʚʥʳʡ ʘʣʛʦʨʠʪʤ. 
 

ʈʠʩ. 2 ʉʫʤʤʘʨʥʦʝ ɻ ʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʝ: ʌʘʢʪ vs ʇʨʦʛʥʦʟ 

 

ʊʘʙʣʠʮʘ 4. ʉʨʘʚʥʠʪʝʣʴʥʘʷ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʘ ʥʘ 14-ʜʥʝʚʥʦʡ ʦʪʣʦʞʝʥʥʦʡ ʚʳʙʦʨʢʝ 
ʄʦʜʝʣʴ MAE (ʢɺʪĿʯ) RMSE (ʢɺʪĿʯ) DA (%) 

ʉʝʟʦʥʥʘʷ ʥʘʠʚʥʘʷ 3,86 5,97 58,8 

SARIMA-ʪʦʣʴʢʦ 4,73 6,69 55,5 

Prophet-ʪʦʣʴʢʦ 5,04 6,77 57,6 

Prophet+LSTM 3,39 4,54 60,6 

 

ɼʦʙʘʚʣʝʥʠʝ ʩʣʦʷ LSTM-ʢʦʨʨʝʢʮʠʠ ʦʩʪʘʪʢʦʚ ʩʦʢʨʘʱʘʝʪ MAE ʥʘ 1,65 ʢɺʪĿʯ (ī32,7%), 

RMSE ð ʩ 6,77 ʜʦ 4,54 ʢɺʪĿʯ (ī32,9%), ʘ ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʝ ʦʪʨʠʮʘʪʝʣʴʥʦʝ ʩʤʝʱʝʥʠʝ ð ʩ 

ī3,60 ʜʦ ī1,13 ʢɺʪĿʯ (ʩʥʠʞʝʥʠʝ ʥʘ 69%). ʊʦʯʥʦʩʪʴ ʥʘʧʨʘʚʣʝʥʠʷ ʫʣʫʯʰʘʝʪʩʷ ʩ 57,6% ʜʦ 

60,6% (+3 ʧ.ʧ.). ʄʝʭʘʥʠʩʪʠʯʝʩʢʠ LSTM ʦʙʥʘʨʫʞʠʚʘʝʪ, ʯʪʦ ʧʨʦʛʥʦʟʳ Prophet 

ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʟʘʚʳʰʝʥʳ ʚ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʝ ʯʘʩʳ ʧʦʩʣʝ ʤʘʨʪʦʚʩʢʦʛʦ ʩʜʚʠʛʘ ʫʨʦʚʥʷ, ʠ 

ʬʦʨʤʠʨʫʝʪ ʩʦʦʪʚʝʪʩʪʚʫʶʱʫʶ ʥʠʩʭʦʜʷʱʫʶ ʢʦʨʨʝʢʮʠʶ, ʢʦʤʧʝʥʩʠʨʫʷ ʩʪʨʫʢʪʫʨʥʳʡ ʜʨʝʡʬ 

ʙʝʟ ʧʦʣʥʦʛʦ ʧʝʨʝʦʙʫʯʝʥʠʷ. ʄʘʩʰʪʘʙ ʚʢʣʘʜʘ LSTM ð ʪʨʘʥʩʬʦʨʤʘʮʠʷ ʤʦʜʝʣʠ, ʫʩʪʫʧʘʶʱʝʡ 

Seasonal Naµve ʥʘ 30,4%, ʚ ʤʦʜʝʣʴ, ʧʨʝʚʳʰʘʶʱʫʶ ʝʛʦ ʥʘ 12,3%, ð ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʪʦʤ, 

ʯʪʦ ʘʩʠʤʤʝʪʨʠʯʥʳʝ ʦʩʪʘʪʢʠ Prophet ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ ʦʙʫʯʘʝʤʳʝ ʩʪʨʫʢʪʫʨʥʳʝ ʧʘʪʪʝʨʥʳ, 

ʘ ʥʝ ʥʝʩʚʦʜʠʤʳʡ ʰʫʤ. 

Prophet+LSTM ʷʚʣʷʝʪʩʷ ʝʜʠʥʩʪʚʝʥʥʦʡ ʤʦʜʝʣʴʶ ʩ ʧʦʣʦʞʠʪʝʣʴʥʦʡ ʩʪʘʪʠʩʪʠʢʦʡ ʪʝʩʪʘ 

ɼʠʙʦʣʜʘïʄʘʨʠʘʥʦ (DM = +1,747, p = 0,081), ʯʪʦ ʩʚʠʜʝʪʝʣʴʩʪʚʫʝʪ ʦ ʢʨʘʝʚʦʤ ʧʨʝʚʦʩʭʦʜʩʪʚʝ 

ʪʦʯʥʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʥʘ ʫʨʦʚʥʝ ʟʥʘʯʠʤʦʩʪʠ 10%. 95%-ʡ ʙʫʪʩʪʨʝʧ-ʜʦʚʝʨʠʪʝʣʴʥʳʡ 

ʠʥʪʝʨʚʘʣ MAE ʜʣʷ Prophet+LSTM ([3,01; 3,78] ʢɺʪĿʯ) ʥʝ ʧʝʨʝʢʨʳʚʘʝʪʩʷ ʩ ʠʥʪʝʨʚʘʣʦʤ ʜʣʷ 

Seasonal Naïve ([3,41; 4,30] ʢɺʪĿʯ), ʧʦʜʪʚʝʨʞʜʘʷ, ʯʪʦ ʧʨʝʠʤʫʱʝʩʪʚʦ ʥʝ ̫ ʚʣʷʝʪʩʷ ʘʨʪʝʬʘʢʪʦʤ 

ʚʳʙʦʨʦʯʥʦʡ ʠʟʤʝʥʯʠʚʦʩʪʠ. ɹʘʡʝʩʦʚʩʢʠʝ 95%-ʝ ʜʦʚʝʨʠʪʝʣʴʥʳʝ ʠʥʪʝʨʚʘʣʳ Prophet 

ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʠ ʵʤʧʠʨʠʯʝʩʢʦʝ ʧʦʢʨʳʪʠʝ 94,3%, ʯʪʦ ʚʧʣʦʪʥʫʶ ʧʨʠʙʣʠʞʘʝʪʩʷ ʢ 

ʥʦʤʠʥʘʣʴʥʦʤʫ ʫʨʦʚʥʶ. ɿʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦʡ ʵʢʩʧʣʫʘʪʘʮʠʠ ʩ 

ʠʥʢʨʝʤʝʥʪʘʣʴʥʳʤ ʧʝʨʝʦʙʫʯʝʥʠʝʤ MAE ʩʥʠʟʠʣʩʷ ʩ 7,02 ʢɺʪĿʯ (ʧʨʠ ʠʥʠʮʠʘʣʠʟʘʮʠʠ, ʘʧʨʝʣʴ 

2026) ʜʦ 4,58 ʢɺʪĿʯ (4-  ̫ʥʝʜʝʣʷ ʤʘʷ 2026) ð ʩʦʢʨʘʱʝʥʠʝ ʥʘ 34,8%, ð ʧʦʩʣʝ ʯʝʛʦ ʚʳʰʝʣ ʥʘ 
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ʧʣʘʪʦ, ʦʪʨʘʞʘʶʱʝʝ ʥʝʩʚʦʜʠʤʫʶ ʦʰʠʙʢʫ ʦʜʥʦʤʝʨʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ ʧʨʠ ʪʝʢʫʱʝʤ ʥʘʙʦʨʝ 

ʧʨʠʟʥʘʢʦʚ. 

ʆʙʩʫʞʜʝʥʠʝ. ʅʘʠʙʦʣʝʝ ʟʥʘʯʠʤʳʡ ʚʳʚʦʜ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʩʦʩʪʦʠʪ ʥʝ ʚ 

ʘʙʩʦʣʶʪʥʦʡ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʠ ʦʪʜʝʣʴʥʦʡ ʤʦʜʝʣʠ, ʘ ʚ ʧʨʠʯʠʥʥʦ-ʩʣʝʜʩʪʚʝʥʥʦʡ ʩʚʷʟʠ 

ʤʝʞʜʫ ʚʨʝʤʝʥʥʦ¾ʡ ʘʩʠʤʤʝʪʨʠʝʡ ʠ ʧʨʠʛʦʜʥʦʩʪʴʶ ʘʨʭʠʪʝʢʪʫʨʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. 

ɹʠʤʦʜʘʣʴʥʳʡ, ʧʨʘʚʦʩʪʦʨʦʥʥʝ-ʘʩʠʤʤʝʪʨʠʯʥʳʡ ʧʨʦʬʠʣʴ ʥʘʛʨʫʟʢʠ GoldSapa ʩ 

ʢʦʵʬʬʠʮʠʝʥʪʦʤ ʚʘʨʠʘʮʠʠ 0,63 ʠ ʨʝʟʢʠʤʠ ʩʜʚʠʛʘʤʠ ʫʨʦʚʥʷ ʥʘ ʛʨʘʥʠʮʘʭ ʩʤʝʥ ʧʨʝʜʩʪʘʚʣʷʝʪ 

ʢʣʘʩʩ ʧʨʦʤʳʰʣʝʥʥʳʭ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ, ʜʣʷ ʢʦʪʦʨʳʭ ʩʪʘʥʜʘʨʪʥʳʝ ʧʨʝʜʧʦʣʦʞʝʥʠʷ ʦ 

ʩʠʤʤʝʪʨʠʠ ʬʫʥʜʘʤʝʥʪʘʣʴʥʦ ʥʘʨʫʰʝʥʳ. ʕʪʦ ʧʨʦʷʚʣʷʝʪʩʷ ʢʦʥʢʨʝʪʥʦ: Prophet-alone, 

SARIMA-alone ʠ ʚʩʝ ʥʘʠʚʥʳʝ ʦʨʠʝʥʪʠʨʳ, ʢʨʦʤʝ Seasonal Naµve, ʥʝ ʧʨʝʚʳʰʘʶʪ ʵʪʦʪ 

ʧʨʦʩʪʝʡʰʠʡ ʫʨʦʚʝʥʴ ð ʥʝ ʧʦʪʦʤʫ ʯʪʦ ʦʥʠ ʩʣʘʙʳʝ ʤʦʜʝʣʠ ʚ ʮʝʣʦʤ, ʘ ʧʦʪʦʤʫ ʯʪʦ ʢʘʞʜʘʷ 

ʬʠʢʩʠʨʫʝʪ ʣʠʰʴ ʦʜʠʥ ʘʩʧʝʢʪ ʘʩʠʤʤʝʪʨʠʯʥʦʛʦ ʩʠʛʥʘʣʘ. 

ɼʘʥʥʳʡ ʚʳʚʦʜ ʩʦʛʣʘʩʫʝʪʩʷ ʩ ʨʝʟʫʣʴʪʘʪʘʤʠ ʩʤʝʞʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ʧʦ ʧʨʦʤʳʰʣʝʥʥʳʤ 

IoT-ʩʠʩʪʝʤʘʤ. ʈʘʙʦʪʘ ɸʤʠʨʭʘʥʦʚʦʡ ʠ ʩʦʘʚʪʦʨʦʚ [12] ʧʦ ʘʨʭʠʪʝʢʪʫʨʝ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ 

ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ɻ ʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ ʄʉʇ ʜʝʤʦʥʩʪʨʠʨʫʝʪ, ʯʪʦ ʦʜʥʦʤʝʨʥʳʝ ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ 

ʤʦʜʝʣʠ ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʥʝʜʦʦʮʝʥʠʚʘʶʪ ʧʦʪʨʝʙʣʝʥʠʝ ʚ ʧʝʨʝʭʦʜʥʳʭ ʨʝʞʠʤʘʭ ʧʨʦʠʟʚʦʜʩʪʚʘ 

ʠʤʝʥʥʦ ʚʩʣʝʜʩʪʚʠʝ ʥʘʨʫʰʝʥʠʷ ʧʨʝʜʧʦʣʦʞʝʥʠʡ ʦ ʩʪʘʮʠʦʥʘʨʥʦʩʪʠ ð ̫ ʚʣʝʥʠʷ, ʘʥʘʣʦʛʠʯʥʦʛʦ 

ʥʘʙʣʶʜʘʝʤʳʤ ʟʜʝʩʴ ʦʪʢʘʟʘʤ Prophet ʠ SARIMA. ɸʥʘʣʦʛʠʯʥʦ, ʠʩʩʣʝʜʦʚʘʥʠʝ ɸʜʠʣʴʞʘʥʦʚʦʡ 

ʠ ʩʦʘʚʪʦʨʦʚ [12] ʧʦ ʦʙʥʘʨʫʞʝʥʠʶ ʘʥʦʤʘʣʠʡ ʚ ʜʘʥʥʳʭ ʧʨʦʤʳʰʣʝʥʥʳʭ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ 

ʩʯʸʪʯʠʢʦʚ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʤʦʜʝʣʠ, ʦʙʫʯʝʥʥʳʝ ʥʘ ʩʠʤʤʝʪʨʠʯʥʳʭ ʨʘʩʧʨʝʜʝʣʝʥʠʷʭ ʦʰʠʙʦʢ, 

ʛʝʥʝʨʠʨʫʶʪ ʟʘʚʳʰʝʥʥʳʡ ʫʨʦʚʝʥʴ ʣʦʞʥʳʭ ʩʨʘʙʘʪʳʚʘʥʠʡ ʧʨʠ ʙʠʤʦʜʘʣʴʥʳʭ ʥʘʛʨʫʟʦʯʥʳʭ 

ʧʨʦʬʠʣʷʭ ð ʩʪʨʫʢʪʫʨʥʘʷ ʩʣʘʙʦʩʪʴ, ʥʘʧʨʷʤʫʶ ʘʢʪʫʘʣʴʥʘʷ ʜʣʷ ʫʩʣʦʚʠʡ GoldSapa. 

ʈʝʟʫʣʴʪʘʪʳ ʘʙʣʷʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʠʟʦʣʠʨʫʶʪ ʚʢʣʘʜ LSTM ʢʘʢ ʩʦʢʨʘʱʝʥʠʝ MAE 

ʥʘ 32,7% ʠ ʩʥʠʞʝʥʠʝ ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʛʦ ʩʤʝʱʝʥʠʷ ʥʘ 69% ʦʪʥʦʩʠʪʝʣʴʥʦ Prophet-alone. ʕʪʠ 

ʚʝʣʠʯʠʥʳ ʪʨʝʙʫʶʪ ʤʝʭʘʥʠʩʪʠʯʝʩʢʦʡ ʠʥʪʝʨʧʨʝʪʘʮʠʠ. ɹʘʡʝʩʦʚʩʢʠʡ ʘʜʜʠʪʠʚʥʳʡ ʢʦʤʧʦʥʝʥʪ 

Prophet, ʥʘʩʪʨʦʝʥʥʳʡ ʩ ʤʫʣʴʪʠʧʣʠʢʘʪʠʚʥʦʡ ʩʝʟʦʥʥʦʩʪʴʶ, ʛʝʥʝʨʠʨʫʝʪ ʧʨʦʛʥʦʟʳ, 

ʧʨʘʚʠʣʴʥʳʝ ʧʦ ʬʘʟʝ, ʥʦ ʦʰʠʙʦʯʥʳʝ ʧʦ ʘʤʧʣʠʪʫʜʝ ʚ ʧʝʨʠʦʜʳ ʘʩʠʤʤʝʪʨʠʯʥʦʛʦ ʩʧʨʦʩʘ. ʊʨʝʥʜ 

Prophet, ʟʘʷʢʦʨʝʥʥʳʡ ʥʘ ʩʨʝʜʥʝʤ ʫʨʦʚʥʝ ʦʙʫʯʘʶʱʝʛʦ ʦʢʥʘ, ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʟʘʚʳʰʘʝʪ 

ʧʦʪʨʝʙʣʝʥʠʝ ʧʦʩʣʝ ʤʘʨʪʦʚʩʢʦʛʦ ʩʜʚʠʛʘ ʫʨʦʚʥʷ, ʩʦʟʜʘʚʘʷ ʩʤʝʱʝʥʠʝ ī3,60 ʢɺʪĿʯ. LSTM, 

ʦʙʫʯʝʥʥʳʡ ʥʘ ʪʝʭ ʞʝ ʠʩʪʦʨʠʯʝʩʢʠʭ ʦʩʪʘʪʢʘʭ, ʦʙʥʘʨʫʞʠʚʘʝʪ, ʯʪʦ ʧʨʦʛʥʦʟʳ Prophet 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦ ʟʘʚʳʰʝʥʳ ʚ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʝ ʯʘʩʳ, ʠ ʬʦʨʤʠʨʫʝʪ ʩʦʦʪʚʝʪʩʪʚʫʶʱʫʶ 

ʥʠʩʭʦʜʷʱʫʶ ʢʦʨʨʝʢʮʠʶ ð ʥʝ ʫʥʠʚʝʨʩʘʣʴʥʦʝ ʰʫʤʦʧʦʜʘʚʣʝʥʠʝ, ʘ ʩʪʨʫʢʪʫʨʥʘʷ 

ʘʩʠʤʤʝʪʨʠʯʥʘʷ ʢʦʨʨʝʢʮʠʷ, ʵʢʩʧʣʫʘʪʠʨʫʶʱʘʷ ʩʧʦʩʦʙʥʦʩʪʴ LSTM ʬʠʢʩʠʨʦʚʘʪʴ 

ʥʘʧʨʘʚʣʝʥʥʦ-ʟʘʚʠʩʠʤʳʝ ʧʘʪʪʝʨʥʳ. 

ʕʪʦʪ ʜʝʢʦʤʧʦʟʠʮʠʦʥʥʳʡ ʧʨʠʥʮʠʧ ʪʝʦʨʝʪʠʯʝʩʢʠ ʦʙʦʩʥʦʚʘʥ ʠ ʧʦʣʫʯʠʣ ʧʨʘʢʪʠʯʝʩʢʦʝ 

ʧʦʜʪʚʝʨʞʜʝʥʠʝ ʚ ʨʘʟʥʳʭ ʢʦʥʪʝʢʩʪʘʭ. ɸʤʠʨʭʘʥʦʚ ʠ ʩʦʘʚʪʦʨʦʚ [13] ʚ ʨʘʙʦʪʝ ʧʦ ʮʠʬʨʦʚʦʤʫ 

ʜʚʦʡʥʠʢʫ ʭʣʝʙʦʧʝʢʘʨʥʦʡ ʣʠʥʠʠ ʩ ʧʨʝʜʠʢʪʠʚʥʦʡ ʘʥʘʣʠʪʠʢʦʡ ʜʝʤʦʥʩʪʨʠʨʫʶʪ, ʯʪʦ 

ʜʚʫʭʵʪʘʧʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ çʩʪʘʪʠʩʪʠʯʝʩʢʘʷ ʤʦʜʝʣʴ + ʥʝʡʨʦʩʝʪʴè ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦ 

ʧʨʝʚʦʩʭʦʜʠʪ ʦʜʥʦʢʦʤʧʦʥʝʥʪʥʳʝ ʧʦʜʭʦʜʳ ʜʣʷ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʩʠʩʪʝʤ ʩ ʧʝʨʠʦʜʠʯʝʩʢʠʤʠ 

ʧʘʪʪʝʨʥʘʤʠ ʥʘʛʨʫʟʢʠ. ʈʘʙʦʪʘ ɸʤʠʨʭʘʥʦʚʦʡ ʠ ʩʦʘʚʪʦʨʦʚ [14] ʧʦ ʟʘʤʢʥʫʪʦʤʫ ʮʠʬʨʦʚʦʤʫ 

ʜʚʦʡʥʠʢʫ ʜʣʷ ʵʥʝʨʛʦʵʬʬʝʢʪʠʚʥʦʛʦ ʧʣʘʥʠʨʦʚʘʥʠʷ ʚ ʧʠʱʝʚʦʤ ʧʨʦʠʟʚʦʜʩʪʚʝ ʜʦʧʦʣʥʠʪʝʣʴʥʦ 

ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʛʠʙʨʠʜʥʳʝ ʬʨʝʡʤʚʦʨʢʠ, ʷʚʥʦ ʤʦʜʝʣʠʨʫʶʱʠʝ ʘʩʠʤʤʝʪʨʠʶ ʧʨʦʠʟʚʦʜʩʪʚʦï

ʧʨʦʩʪʦʡ, ʩʥʠʞʘʶʪ ʦʧʝʨʘʮʠʦʥʥʳʝ ʟʘʪʨʘʪʳ ʥʘ ʵʥʝʨʛʠʶ ʥʘ 8ï15% ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʙʘʟʦʚʳʤʠ 

ʩʪʨʘʪʝʛʠʷʤʠ ʧʣʘʥʠʨʦʚʘʥʠʷ ð ʧʨʷʤʘʷ ʧʨʠʢʣʘʜʥʘʷ ʮʝʥʥʦʩʪʴ ʫʣʫʯʰʝʥʥʦʛʦ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ, 

ʠʩʩʣʝʜʫʝʤʦʛʦ ʟʜʝʩʴ. ɺʘʞʥʳʡ ʦʪʨʠʮʘʪʝʣʴʥʳʡ ʨʝʟʫʣʴʪʘʪ ʪʘʢʞʝ ʚʳʪʝʢʘʝʪ ʠʟ ʚʝʪʚʠ 

SARIMA+LSTM. ʅʝʩʤʦʪʨʷ ʥʘ ʠʜʝʥʪʠʯʥʫʶ ʘʨʭʠʪʝʢʪʫʨʫ LSTM, SARIMA+LSTM ʥʝ 

ʜʦʩʪʠʛʘʝʪ ʩʦʧʦʩʪʘʚʠʤʦʡ ʪʦʯʥʦʩʪʠ. ʄʦʜʝʣʴ ARIMA(0,1,0)(2,0,0) [24], ʚʳʙʨʘʥʥʘʷ auto_arima, 

ʷʚʣʷʝʪʩʷ ʧʦ ʩʫʱʝʩʪʚʫ ʩʝʟʦʥʥʳʤ ʩʣʫʯʘʡʥʳʤ ʙʣʫʞʜʘʥʠʝʤ, ʛʝʥʝʨʠʨʫʶʱʠʤ ʦʩʪʘʪʢʠ, 

ʩʦʜʝʨʞʘʱʠʝ ʧʦʣʥʫʶ ʘʤʧʣʠʪʫʜʫ ʘʩʠʤʤʝʪʨʠʠ ʧʨʦʠʟʚʦʜʩʪʚʘïʦʩʪʘʥʦʚʢʠ, ʘ ʥʝ ʣʠʰʴ 

ʦʪʢʣʦʥʝʥʠʷ ʦʪ ʙʘʟʦʚʦʡ ʣʠʥʠʠ ʪʨʝʥʜ-ʩʝʟʦʥʥʦʩʪʠ. ʕʪʦ ʚʦʟʣʘʛʘʝʪ ʥʘ LSTM ʙʦʣʝʝ ʩʣʦʞʥʫʶ 
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ʟʘʜʘʯʫ: ʦʙʫʯʝʥʠʝ ʧʦʣʥʦʤʫ ʘʩʠʤʤʝʪʨʠʯʥʦʤʫ ʮʠʢʣʫ ʥʘʛʨʫʟʢʠ ʚʤʝʩʪʦ ʤʝʥʴʰʝʛʦ ʩʠʛʥʘʣʘ 

ʢʦʨʨʝʢʮʠʠ, ʦʩʪʘʶʱʝʛʦʩʷ ʧʦʩʣʝ ʙʦʣʝʝ ʧʦʣʥʦʡ ʩʝʟʦʥʥʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ Prophet. ʋʨʦʢ ʩʦʩʪʦʠʪ 

ʚ ʪʦʤ, ʯʪʦ ʢʘʯʝʩʪʚʦ ʩʝʟʦʥʥʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ ʩʪʘʪʠʩʪʠʯʝʩʢʦʛʦ ʢʦʤʧʦʥʝʥʪʘ ʥʘʧʨʷʤʫʶ 

ʦʙʫʩʣʦʚʣʠʚʘʝʪ ʟʘʜʘʯʫ ʢʦʨʨʝʢʮʠʠ ʦʩʪʘʪʢʦʚ LSTM. 

ʇʨʦʠʟʚʦʜʩʪʚʝʥʥʘʷ ʪʨʘʝʢʪʦʨʠʷ ð ʩʥʠʞʝʥʠʝ MAE ʩ 7,02 ʜʦ 4,58 ʢɺʪĿʯ ʟʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ 

ʠʥʢʨʝʤʝʥʪʘʣʴʥʦʛʦ ʧʝʨʝʦʙʫʯʝʥʠʷ ð ʜʝʤʦʥʩʪʨʠʨʫʝʪ, ʯʪʦ ʵʬʬʝʢʪʠʚʥʘʷ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ 

ʤʦʜʝʣʠ ʚ ʨʝʘʣʴʥʳʭ ʦʧʝʨʘʮʠʦʥʥʳʭ ʫʩʣʦʚʠʷʭ ʢʨʠʪʠʯʝʩʢʠ ʟʘʚʠʩʠʪ ʦʪ ʝʸ ʩʧʦʩʦʙʥʦʩʪʠ 

ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʨʘʩʧʨʝʜʝʣʠʪʝʣʴʥʳʤ ʩʜʚʠʛʘʤ ʙʝʟ ʟʘʙʳʚʘʥʠʷ ʨʘʥʝʝ ʫʩʚʦʝʥʥʦʡ ʩʝʟʦʥʥʦʡ 

ʩʪʨʫʢʪʫʨʳ. ʇʨʠʤʝʥʸʥʥʘʷ ʩʪʨʘʪʝʛʠʷ ʩʥʠʞʝʥʥʦʡ ʩʢʦʨʦʩʪʠ ʦʙʫʯʝʥʠʷ (Ŭ = 0,0003 ʧʨʦʪʠʚ 0,001 

ʧʨʠ ʧʦʣʥʦʤ ʦʙʫʯʝʥʠʠ, 50 ʧʨʦʪʠʚ 150 ʵʧʦʭ) ʷʚʣʷʝʪʩʷ ʧʨʠʥʮʠʧʠʘʣʴʥʳʤ ʦʪʚʝʪʦʤ ʥʘ ʜʠʣʝʤʤʫ 

ʩʪʘʙʠʣʴʥʦʩʪʠïʧʣʘʩʪʠʯʥʦʩʪʠ: ʦʥʘ ʦʛʨʘʥʠʯʠʚʘʝʪ ʚʝʣʠʯʠʥʫ ʰʘʛʘ ʛʨʘʜʠʝʥʪʘ, ʧʨʝʜʦʪʚʨʘʱʘʷ 

ʧʝʨʝʟʘʧʠʩʴ ʚʝʩʦʚʦʡ ʩʪʨʫʢʪʫʨʳ ʩʝʟʦʥʥʦʩʪʠ ʥʦʚʳʤ ʩʠʛʥʘʣʦʤ ʜʘʥʥʳʭ. 

ʀʥʬʨʘʩʪʨʫʢʪʫʨʥʦʝ ʠʟʤʝʨʝʥʠʝ ʵʪʦʡ ʥʘʜʸʞʥʦʩʪʠ ʟʘʜʦʢʫʤʝʥʪʠʨʦʚʘʥʦ ʚ ʨʘʙʦʪʝ 

ɸʤʠʨʭʘʥʦʚʘ ʠ ʩʦʘʚʪʦʨʦʚ [15] ʧʦ ʩʨʘʚʥʠʪʝʣʴʥʦʡ ʦʮʝʥʢʝ ʙʘʟ ʜʘʥʥʳʭ ʜʣʷ ʮʠʬʨʦʚʳʭ 

ʜʚʦʡʥʠʢʦʚ ʠ ʧʨʦʤʳʰʣʝʥʥʦʛʦ IoT: ʘʚʪʦʨʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ InfluxDB ʦʙʝʩʧʝʯʠʚʘʝʪ ʟʘʜʝʨʞʢʫ 

ʟʘʧʠʩʠ ʥʠʞʝ 10 ʤʩ ʠ ʜʦʩʪʫʧʥʦʩʪʴ ʙʦʣʝʝ 99,9% ʧʨʠ ʩʮʝʥʘʨʠʷʭ ʥʝʧʨʝʨʳʚʥʦʛʦ 

ʧʨʦʤʳʰʣʝʥʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ð ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ, ʢʦʪʦʨʳʝ ʥʘʧʨʷʤʫʶ ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʦʧʝʨʘʮʠʦʥʥʫʶ ʥʘʜʸʞʥʦʩʪʴ ʢʦʥʚʝʡʝʨʘ ʜʘʥʥʳʭ, ʠʩʧʦʣʴʟʦʚʘʥʥʦʛʦ ʚ ʥʘʩʪʦʷʱʝʤ ʠʩʩʣʝʜʦʚʘʥʠʠ. 

ʅʘʙʣʶʜʘʝʤʘʷ ʚ ʜʘʥʥʦʡ ʨʘʙʦʪʝ ʜʦʩʪʫʧʥʦʩʪʴ InfluxDB 99,98% ʟʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ ʩʦʛʣʘʩʫʝʪʩʷ ʩ 

ʵʪʠʤʠ ʩʨʘʚʥʠʪʝʣʴʥʳʤʠ ʦʨʠʝʥʪʠʨʘʤʠ. ʇʣʘʪʦ MAE ʥʘ ʫʨʦʚʥʝ ~4,4ï4,6 ʢɺʪĿʯ ʥʘ 4ï8-ʡ 

ʥʝʜʝʣʷʭ ʦʪʨʘʞʘʝʪ ʥʝʩʚʦʜʠʤʫʶ ʦʰʠʙʢʫ ʧʨʠ ʪʝʢʫʱʝʤ ʦʜʥʦʤʝʨʥʦʤ ʥʘʙʦʨʝ ʧʨʠʟʥʘʢʦʚ: 

ʜʦʧʦʣʥʠʪʝʣʴʥʦʝ ʪʦʥʢʦʝ ʦʙʫʯʝʥʠʝ ʥʘ ʘʥʘʣʦʛʠʯʥʳʭ ʜʘʥʥʳʭ ʧʨʠʥʦʩʠʪ ʫʙʳʚʘʶʱʫʶ ʦʪʜʘʯʫ, 

ʧʦʩʢʦʣʴʢʫ ʦʩʪʘʪʦʯʥʘʷ ʦʰʠʙʢʘ ʚʩʸ ʙʦʣʴʰʝ ʦʧʨʝʜʝʣʷʝʪʩʷ ʥʝʧʨʝʜʩʢʘʟʫʝʤʦʡ ʚʘʨʠʘʙʝʣʴʥʦʩʪʴʶ 

ʥʘʛʨʫʟʢʠ ð ʥʝʟʘʧʣʘʥʠʨʦʚʘʥʥʳʤʠ ʠʟʤʝʥʝʥʠʷʤʠ ʧʨʦʠʟʚʦʜʩʪʚʘ, ʢʨʘʪʢʦʚʨʝʤʝʥʥʳʤʠ 

ʚʳʧʘʜʝʥʠʷʤʠ ʜʘʪʯʠʢʦʚ, ð ʘ ʥʝ ʧʦʜʜʘʶʱʠʤʠʩʷ ʤʦʜʝʣʠʨʦʚʘʥʠʶ ʧʘʪʪʝʨʥʘʤʠ. 

ʈʝʟʫʣʴʪʘʪʳ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚʳʭʦʜʷʪ ʟʘ ʨʘʤʢʠ ʩʧʝʮʠʬʠʢʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ ʠ ʠʤʝʶʪ ʙʦʣʝʝ ʰʠʨʦʢʠʝ ʧʦʩʣʝʜʩʪʚʠʷ ʜʣʷ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʩʠʩʪʝʤ 

ʧʨʦʤʳʰʣʝʥʥʦʛʦ IoT. ʇʨʦʠʟʚʦʜʩʪʚʝʥʥʳʡ ʢʦʥʚʝʡʝʨ ð 15 ESP32-ʩʯʸʪʯʠʢʦʚ Ÿ MQTT Ÿ 

InfluxDB Ÿ ʘʣʛʦʨʠʪʤ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ Ÿ Grafana ð ʧʨʝʜʩʪʘʚʣʷʝʪ ʚʦʩʧʨʦʠʟʚʦʜʠʤʫʶ 

ʵʪʘʣʦʥʥʫʶ ʘʨʭʠʪʝʢʪʫʨʫ ʜʣʷ ʤʘʣʳʭ ʠ ʩʨʝʜʥʠʭ ʧʨʦʤʳʰʣʝʥʥʳʭ ʧʨʝʜʧʨʠʷʪʠʡ, ʨʘʥʝʝ ʥʝ 

ʠʤʝʚʰʠʭ ʜʦʩʪʫʧʘ ʢ ʩʨʝʜʩʪʚʘʤ ʵʥʝʨʛʝʪʠʯʝʩʢʦʡ ʘʥʘʣʠʪʠʢʠ ʢʦʨʧʦʨʘʪʠʚʥʦʛʦ ʫʨʦʚʥʷ. 

ʈʝʘʣʠʟʘʮʠʷ ʩʢʚʦʟʥʦʛʦ ʰʠʬʨʦʚʘʥʠʷ ʜʣʷ ʘʥʘʣʦʛʠʯʥʦʛʦ ʩʪʝʢʘ ESP32ïMQTT ʦʧʠʩʘʥʘ ʚ ʨʘʙʦʪʝ 

ɸʤʠʨʭʘʥʦʚʦʡ ʠ ʩʦʘʚʪʦʨʦʚ [16], ʛʜʝ ʧʦʢʘʟʘʥʦ, ʯʪʦ ʥʘʢʣʘʜʥʳʝ ʨʘʩʭʦʜʳ AES-GCM ʥʘ 

ʧʣʘʪʬʦʨʤʝ ESP32 ʩʦʩʪʘʚʣʷʶʪ ʤʝʥʝʝ 3 ʤʩ ʥʘ ʧʘʢʝʪ ʧʨʠ ʧʨʝʥʝʙʨʝʞʠʤʦʤ ʚʣʠʷʥʠʠ ʥʘ 

ʧʨʦʧʫʩʢʥʫʶ ʩʧʦʩʦʙʥʦʩʪʴ ð ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʧʨʠʤʝʥʸʥʥʦʡ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʜʦ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦ-ʛʦʪʦʚʳʭ ʪʨʝʙʦʚʘʥʠʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʙʝʟ ʩʥʠʞʝʥʠʷ 

ʯʘʩʪʦʪʳ ʜʠʩʢʨʝʪʠʟʘʮʠʠ ʜʘʥʥʳʭ, ʢʨʠʪʠʯʥʦʡ ʜʣʷ ʪʦʯʥʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. ɹʦʣʝʝ ʰʠʨʦʢʠʡ 

ʧʨʠʥʮʠʧ ʜʝʢʦʤʧʦʟʠʮʠʠ, ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʥʥʳʡ ʟʜʝʩʴ, ʧʨʠʤʝʥʠʤ ʢ ʣʶʙʦʡ ʦʙʣʘʩʪʠ ʩ 

ʘʩʠʤʤʝʪʨʠʝʡ ʬʘʟ ʧʨʦʠʟʚʦʜʩʪʚʘïʧʨʦʩʪʦʷ: ʧʝʨʝʤʝʞʘʶʱʠʤʩʷ ʚʦʟʦʙʥʦʚʣʷʝʤʳʤ ʛʝʥʝʨʘʮʠʷʤ 

(ʩʦʣʥʝʯʥʘʷ ʛʝʥʝʨʘʮʠʷ ʩʣʝʜʫʝʪ ʘʥʘʣʦʛʠʯʥʦʡ ʘʩʠʤʤʝʪʨʠʠ), ʦʙʲʝʢʪʘʤ ʚʦʜʦʧʦʜʛʦʪʦʚʢʠ ʚ 

ʧʘʢʝʪʥʳʭ ʮʠʢʣʘʭ, ʬʠʟʠʦʣʦʛʠʯʝʩʢʠʤ ʤʦʥʠʪʦʨʠʥʛʦʚʳʤ ʜʘʥʥʳʤ ʩ ʧʝʨʠʦʜʠʯʥʦʩʪʴʶ 

ʘʢʪʠʚʥʦʩʪʴïʦʪʜʳʭ ʠ ʙʠʦʛʘʟʦʚʳʤ ʫʩʪʘʥʦʚʢʘʤ ʩ ʮʠʢʣʠʯʝʩʢʠʤʠ ʧʘʪʪʝʨʥʘʤʠ ʥʘʛʨʫʟʢʠ 

ʩʫʙʩʪʨʘʪʘ. ɺ ʢʘʞʜʦʡ ʠʟ ʵʪʠʭ ʦʙʣʘʩʪʝʡ ʧʨʝʜʩʢʘʟʫʝʤʦ ʚʦʩʧʨʦʠʟʚʦʜʠʪʩʷ ʨʝʞʠʤ ʦʪʢʘʟʘ, 

ʚʳʷʚʣʝʥʥʳʡ ʟʜʝʩʴ: ʩʪʘʪʠʩʪʠʯʝʩʢʘʷ ʤʦʜʝʣʴ ʢʦʨʨʝʢʪʥʘ ʧʦ ʬʘʟʝ, ʥʦ ʩʤʝʱʝʥʘ ʧʦ ʘʤʧʣʠʪʫʜʝ ʚ 

ʘʩʠʤʤʝʪʨʠʯʥʳʭ ʫʩʣʦʚʠʷʭ. 

ɿʘʢʣʶʯʝʥʠʝ. ʇʨʦʤʳʰʣʝʥʥʳʝ ʚʨʝʤʝʥʥʳʝ ʨʷʜʳ ʵʥʝʨʛʠʠ, ʥʘʨʫʰʘʶʱʠʝ ʩʠʤʤʝʪʨʠʯʥʳʝ 

ʩʪʘʪʠʩʪʠʯʝʩʢʠʝ ʜʦʧʫʱʝʥʠʷ, ʩʦʟʜʘʶʪ ʩʪʨʫʢʪʫʨʥʫʶ ʧʨʦʙʣʝʤʫ, ʢʦʪʦʨʫʶ ʥʘʜʸʞʥʦ ʥʝ ʨʝʰʘʝʪ 

ʥʠ ʦʜʠʥ ʢʣʘʩʩ ʤʦʜʝʣʝʡ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ. ʅʘʩʪʦʷʱʝʝ ʠʩʩʣʝʜʦʚʘʥʠʝ ʨʝʰʘʝʪ ʝʸ ʧʦʩʨʝʜʩʪʚʦʤ 

ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦ-ʨʘʟʚʸʨʥʫʪʦʡ ʛʠʙʨʠʜʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ Prophet+LSTM, ʚ ʢʦʪʦʨʦʡ 

ʙʘʡʝʩʦʚʩʢʠʡ ʩʪʘʪʠʩʪʠʯʝʩʢʠʡ ʢʦʤʧʦʥʝʥʪ ʦʙʨʘʙʘʪʳʚʘʝʪ ʩʠʤʤʝʪʨʠʯʥʳʝ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ 
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ʵʣʝʤʝʥʪʳ ʙʠʤʦʜʘʣʴʥʦʛʦ ʧʨʦʤʳʰʣʝʥʥʦʛʦ ʧʨʦʬʠʣʷ ʥʘʛʨʫʟʢʠ, ʘ ʩʪʝʢʦʚʳʡ LSTM ʦʙʫʯʘʝʪʩʷ ʥʘ 

ʘʩʠʤʤʝʪʨʠʯʥʳʭ ʦʩʪʘʪʢʘʭ, ʢʦʪʦʨʳʝ ʩʪʘʪʠʩʪʠʯʝʩʢʘʷ ʤʦʜʝʣʴ ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʠʩʢʘʞʘʝʪ. ʀʟ 

ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʭ ʜʘʥʥʳʭ ʤʦʞʥʦ ʩʜʝʣʘʪʴ ʯʝʪʳʨʝ ʚʳʚʦʜʘ, ʠʤʝʶʱʠʭ ʩʫʱʝʩʪʚʝʥʥʦʝ 

ʟʥʘʯʝʥʠʝ. ɺʦ-ʧʝʨʚʳʭ, ʚʨʝʤʝʥʥʘ¾ʷ ʘʩʠʤʤʝʪʨʠʷ ð ʚʦʧʣʦʱʸʥʥʘʷ ʟʜʝʩʴ ʚ ʨʝʟʢʦʤ ʨʘʩʧʨʝʜʝʣʝʥʠʠ 

ʥʘʛʨʫʟʢʠ ʧʨʦʠʟʚʦʜʩʪʚʦïʦʩʪʘʥʦʚʢʘ ʩ ʢʦʵʬʬʠʮʠʝʥʪʦʤ ʚʘʨʠʘʮʠʠ 0,63 ð ʷʚʣʷʝʪʩʷ ʥʝ ʧʨʦʩʪʦ 

ʥʝʫʜʦʙʩʪʚʦʤ ʧʨʝʜʦʙʨʘʙʦʪʢʠ, ʘ ʦʧʨʝʜʝʣʷʶʱʠʤ ʬʘʢʪʦʨʦʤ ʚʳʙʦʨʘ ʤʦʜʝʣʠ: ʠʤʝʥʥʦ ʦʥʘ 

ʦʙʲʷʩʥʷʝʪ ʢʘʢ ʦʪʢʘʟ Prophet-alone (ī30,4% ʦʪʥʦʩʠʪʝʣʴʥʦ Seasonal Naµve), ʪʘʢ ʠ ʫʩʧʝʭ 

ʢʦʨʨʝʢʮʠʠ LSTM, ʪʨʘʥʩʬʦʨʤʠʨʫʶʱʝʡ ʵʪʦʪ ʦʪʢʘʟ ʚ ʫʣʫʯʰʝʥʠʝ ʥʘ 12,3%. ɺʦ-ʚʪʦʨʳʭ, 

ʤʝʭʘʥʠʟʤ ʢʦʨʨʝʢʮʠʠ ʦʩʪʘʪʢʦʚ LSTM ʷʚʣʷʝʪʩʷ ʦʧʝʨʘʮʠʦʥʘʣʴʥʦ ʥʝʟʘʤʝʥʠʤʳʤ, ʘ ʥʝ 

ʠʥʢʨʝʤʝʥʪʘʣʴʥʦ ʧʦʣʝʟʥʳʤ: ʙʝʟ ʥʝʛʦ ʧʦʣʥʘʷ ʛʠʙʨʠʜʥʘʷ ʤʦʜʝʣʴ ʜʝʛʨʘʜʠʨʫʝʪ ʥʠʞʝ 

ʧʨʦʩʪʝʡʰʝʛʦ ʥʘʠʚʥʦʛʦ ʦʨʠʝʥʪʠʨʘ, ʜʝʣʘʷ ʜʚʫʭʵʪʘʧʥʫʶ ʘʨʭʠʪʝʢʪʫʨʫ ʥʝʜʝʣʠʤʳʤ ʧʨʦʝʢʪʥʳʤ 

ʨʝʰʝʥʠʝʤ, ʘ ʥʝ ʤʦʜʫʣʴʥʳʤ ʘʥʩʘʤʙʣʝʤ. ɺ-ʪʨʝʪʴʠʭ, ʠʥʢʨʝʤʝʥʪʘʣʴʥʦʝ ʧʝʨʝʦʙʫʯʝʥʠʝ ʩʦ 

ʩʥʠʞʝʥʥʦʡ ʩʢʦʨʦʩʪʴʶ ʦʙʫʯʝʥʠʷ ʨʘʟʨʝʰʘʝʪ ʜʠʣʝʤʤʫ ʩʪʘʙʠʣʴʥʦʩʪʠïʧʣʘʩʪʠʯʥʦʩʪʠ, 

ʭʘʨʘʢʪʝʨʥʫʶ ʜʣʷ ʥʝʧʨʝʨʳʚʥʦʛʦ ʪʦʥʢʦʛʦ ʦʙʫʯʝʥʠʷ LSTM, ʦʙʝʩʧʝʯʠʚʘʷ ʩʥʠʞʝʥʠʝ MAE ʥʘ 

35% ʟʘ ʚʦʩʝʤʴ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʥʝʜʝʣʴ ʙʝʟ ʢʘʪʘʩʪʨʦʬʠʯʝʩʢʦʛʦ ʟʘʙʳʚʘʥʠʷ ʠʩʪʦʨʠʯʝʩʢʦʡ 

ʩʝʟʦʥʥʦʡ ʩʪʨʫʢʪʫʨʳ. ɺ-ʯʝʪʚʸʨʪʳʭ, ʤʦʜʝʣʴ SARIMA, ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʚʳʙʨʘʥʥʘʷ ʢʘʢ 

ARIMA(0,1,0)(2,0,0) [24] ð ʩʝʟʦʥʥʦʝ ʩʣʫʯʘʡʥʦʝ ʙʣʫʞʜʘʥʠʝ, ð ʧʦʜʪʚʝʨʞʜʘʝʪ, ʯʪʦ ʜʠʥʘʤʠʢʘ 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ ʦʙʲʝʢʪʘ GoldSapa ʦʧʨʝʜʝʣʷʝʪʩʷ ʜʝʪʝʨʤʠʥʠʨʦʚʘʥʥʳʤ ʩʫʪʦʯʥʳʤ ʮʠʢʣʦʤ, 

ʥʘʣʦʞʝʥʥʳʤ ʥʘ ʤʝʜʣʝʥʥʦ ʜʨʝʡʬʫʶʱʠʡ ʫʨʦʚʝʥʴ: ʩʪʨʫʢʪʫʨʘ, ʣʘʢʦʥʠʯʥʘʷ ʚ ʦʧʠʩʘʥʠʠ, ʥʦ 

ʘʩʠʤʤʝʪʨʠʯʥʘʷ ʚ ʛʦʨʠʟʦʥʪʘʣʴʥʦ-ʟʘʚʠʩʠʤʦʡ ʜʝʛʨʘʜʘʮʠʠ ʧʨʦʛʥʦʟʘ. 

ɺ ʩʦʚʦʢʫʧʥʦʩʪʠ ɻ ʪʠ ʨʝʟʫʣʴʪʘʪʳ ʫʩʪʘʥʘʚʣʠʚʘʶʪ, ʯʪʦ ̫ ʚʥʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʚʨʝʤʝʥʥʦ¾ʡ 

ʘʩʠʤʤʝʪʨʠʠ ʧʦʩʨʝʜʩʪʚʦʤ ʛʠʙʨʠʜʥʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ ʦʜʥʦʚʨʝʤʝʥʥʦ ʩʪʘʪʠʩʪʠʯʝʩʢʠ 

ʦʙʦʩʥʦʚʘʥʦ ð ʚʝʨʠʬʠʮʠʨʦʚʘʥʦ ʪʝʩʪʠʨʦʚʘʥʠʝʤ ɼʠʙʦʣʜʘïʄʘʨʠʘʥʦ ʠ ʥʝʧʝʨʝʩʝʢʘʶʱʠʤʠʩʷ 

ʙʫʪʩʪʨʝʧ-ʜʦʚʝʨʠʪʝʣʴʥʳʤʠ ʠʥʪʝʨʚʘʣʘʤʠ ð ʠ ʧʨʘʢʪʠʯʝʩʢʠ ʨʝʘʣʠʟʫʝʤʦ ʚ ʫʩʣʦʚʠʷʭ ʨʝʩʫʨʩʥʳʭ 

ʠ ʥʘʜʸʞʥʦʩʪʥʳʭ ʦʛʨʘʥʠʯʝʥʠʡ ʧʨʦʤʳʰʣʝʥʥʦʡ IoT-ʩʨʝʜʳ ʩ ʛʨʘʥʠʯʥʳʤ ʨʘʟʚʸʨʪʳʚʘʥʠʝʤ. 

ʇʦʣʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ, ʚʢʣʶʯʘʶʱʘʷ ʢʦʥʚʝʡʝʨ ʜʘʥʥʳʭ InfluxDB, ʧʣʘʥʠʨʦʚʱʠʢ systemd ʠ 

ʣʦʛʠʢʫ ʠʥʢʨʝʤʝʥʪʘʣʴʥʦʛʦ ʧʝʨʝʦʙʫʯʝʥʠʷ, ʬʫʥʢʮʠʦʥʠʨʦʚʘʣʘ ʚʦʩʝʤʴ ʥʝʜʝʣʴ ʩ ʥʫʣʝʚʳʤ 

ʢʦʣʠʯʝʩʪʚʦʤ ʥʝʟʘʧʣʘʥʠʨʦʚʘʥʥʳʭ ʩʙʦʝʚ ʧʨʠ ʚʨʝʤʝʥʠ ʚʳʧʦʣʥʝʥʠʷ ʤʝʥʝʝ ʧʷʪʠ ʩʝʢʫʥʜ ʥʘ ʮʠʢʣ 

ʧʨʝʜʩʢʘʟʘʥʠʷ ð ʯʪʦ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʧʨʠʛʦʜʥʦʩʪʴ ʜʣʷ ʥʝʧʨʝʨʳʚʥʦʛʦ ʧʨʦʤʳʰʣʝʥʥʦʛʦ 

ʨʘʟʚʸʨʪʳʚʘʥʠʷ [13, 14]. 

ʆʩʥʦʚʥʳʤ ʦʛʨʘʥʠʯʝʥʠʝʤ ʦʩʪʘʸʪʩʷ ʦʜʥʦʤʝʨʥʳʡ ʥʘʙʦʨ ʧʨʠʟʥʘʢʦʚ, ʫʩʪʘʥʘʚʣʠʚʘʶʱʠʡ 

ʧʦʪʦʣʦʢ ʜʦʩʪʠʞʠʤʦʡ ʪʦʯʥʦʩʪʠ, ʢʦʪʦʨʳʡ ʵʢʟʦʛʝʥʥʳʝ ʧʝʨʝʤʝʥʥʳʝ ð ʪʝʤʧʝʨʘʪʫʨʘ 

ʦʢʨʫʞʘʶʱʝʡ ʩʨʝʜʳ ʠʣʠ ʜʘʥʥʳʝ ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʦʛʦ ʧʣʘʥʠʨʦʚʘʥʠʷ ð ʤʦʛʣʠ ʙʳ 

ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʟʠʪʴ. ʈʘʩʰʠʨʝʥʠʝ ʤʝʪʦʜʦʣʦʛʠʠ ʥʘ ʤʥʦʛʦʤʝʨʥʳʝ ʚʭʦʜʥʳʝ ʜʘʥʥʳʝ, ʙʦʣʝʝ 

ʜʣʠʥʥʳʝ ʛʦʨʠʟʦʥʪʳ ʧʨʦʛʥʦʟʘ ʠ ʘʥʦʤʘʣʴʥʦ-ʦʩʚʝʜʦʤʣʸʥʥʳʝ ʜʠʥʘʤʠʯʝʩʢʠʝ ʜʦʚʝʨʠʪʝʣʴʥʳʝ 

ʠʥʪʝʨʚʘʣʳ ʧʨʦʛʥʦʟʘ ʧʨʝʜʩʪʘʚʣʷʝʪ ʥʘʠʙʦʣʝʝ ʧʝʨʩʧʝʢʪʠʚʥʦʝ ʥʘʧʨʘʚʣʝʥʠʝ ʙʫʜʫʱʠʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ. ɺ ʙʦʣʝʝ ʰʠʨʦʢʦʤ ʩʤʳʩʣʝ ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʥʥʳʡ ʟʜʝʩʴ ʧʨʠʥʮʠʧ 

ʜʝʢʦʤʧʦʟʠʮʠʠ ð ʨʘʟʜʝʣʝʥʠʝ ʩʠʤʤʝʪʨʠʯʥʦʡ ʪʨʝʥʜ-ʩʝʟʦʥʥʦʡ ʩʪʨʫʢʪʫʨʳ ʦʪ ʘʩʠʤʤʝʪʨʠʯʥʳʭ 

ʦʩʪʘʪʢʦʚ ð ʧʨʠʤʝʥʠʤ ʢ ʣʶʙʦʡ ʦʙʣʘʩʪʠ, ʜʝʤʦʥʩʪʨʠʨʫʶʱʝʡ ʧʝʨʠʦʜʠʯʥʦʩʪʴ ʬʘʟ 

ʧʨʦʠʟʚʦʜʩʪʚʘïʧʨʦʩʪʦʷ: ʧʝʨʝʤʝʞʘʶʱʝʡʩʷ ʚʦʟʦʙʥʦʚʣʷʝʤʦʡ ʛʝʥʝʨʘʮʠʠ, ʧʘʢʝʪʥʦʡ 

ʭʠʤʠʯʝʩʢʦʡ ʧʝʨʝʨʘʙʦʪʢʝ, ʙʠʦʨʝʘʢʪʦʨʥʳʤ ʩʠʩʪʝʤʘʤ ʠ ʙʠʦʤʝʜʠʮʠʥʩʢʦʤʫ ʤʦʥʠʪʦʨʠʥʛʫ [15, 

16] ð ʚʝʟʜʝ, ʛʜʝ ʢʦʥʚʝʥʮʠʦʥʘʣʴʥʳʝ ʩʠʤʤʝʪʨʠʯʥʳʝ ʜʦʧʫʱʝʥʠʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʩʪʨʫʢʪʫʨʥʦ ʥʝʩʦʚʤʝʩʪʠʤʳ ʩ ʥʘʙʣʶʜʘʝʤʳʤ ʧʨʦʮʝʩʩʦʤ ʛʝʥʝʨʘʮʠʠ ʜʘʥʥʳʭ. 

ʌʠʥʘʥʩʠʨʦʚʘʥʠʝ. ɸʚʪʦʨʳ ʟʘʷʚʣʷʶʪ, ʯʪʦ ʜʣʷ ʧʨʦʚʝʜʝʥʠʷ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ/ʠʣʠ 

ʝʛʦ ʧʫʙʣʠʢʘʮʠʠ ʙʳʣʘ ʧʦʣʫʯʝʥʘ ʬʠʥʘʥʩʦʚʘʷ ʧʦʜʜʝʨʞʢʘ. ɼʘʥʥʦʝ ʠʩʩʣʝʜʦʚʘʥʠʝ 

ʧʨʦʬʠʥʘʥʩʠʨʦʚʘʥʦ ʄʠʥʠʩʪʝʨʩʪʚʦʤ ʦʙʨʘʟʦʚʘʥʠʷ ʠ ʥʘʫʢʠ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʚ ʨʘʤʢʘʭ 

ʛʨʘʥʪʘ ˉBR24992975: çʈʘʟʨʘʙʦʪʢʘ ʮʠʬʨʦʚʦʛʦ ʜʚʦʡʥʠʢʘ ʧʨʝʜʧʨʠʷʪʠʷ ʧʠʱʝʚʦʡ 

ʧʨʦʤʳʰʣʝʥʥʦʩʪʠ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʠ ʪʝʭʥʦʣʦʛʠʡ IIoTè. 
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Abstract. Energy overconsumption in food manufacturing represents a significant operational 

burden, particularly in resource-constrained regions. This paper presents DigitalEgiz, an edge-based 

digital twin system designed for real-time energy monitoring in a commercial bakery enterprise in Almaty, 

Kazakhstan. The system integrates a distributed network of 18 ESP32 microcontrollers, two SAIMAN smart 

electricity meters (Dala and Orman models), and a Raspberry Pi 5 edge gateway, communicating via 

MQTT to a cloud-hosted stack of InfluxDB, Grafana, and OpenTwins. Over a 61-day deployment period, 

the system collected 17.7 million data points with an adjusted data completeness of 94.19%. Analysis 

revealed that 81% of monitored devices operate below Kazakhstanôs mandatory 0.93 power factor 

threshold, exposing facilities to regulatory fines. The system also demonstrated that predictive models 

(Prophet+LSTM hybrid achieving MAE=3.39 kWh) integrated within the digital twin can guide real-time 

decision support. Results confirm that edge-based digital twins offer a cost-effective and scalable path 

toward energy optimization and regulatory compliance in industrial IoT settings. 

Keywords: digital twin; energy monitoring; IoT; edge computing; food manufacturing; ESP32; 

InfluxDB; Grafana; power factor; Kazakhstan 

 

INTRODUCTION  

The global food manufacturing sector accounts for a substantial share of industrial energy 

consumption, yet a disproportionate fraction of this energy is wasted due to unmonitored 

equipment behavior, poor power factor, and reactive rather than proactive maintenance strategies 

[1]. In emerging economies such as Kazakhstan, where energy tariffs are regulated and infractions 

carry administrative penalties, the need for intelligent energy management systems is acute. 

Digital twinsðvirtual replicas of physical systems that synchronize with real-world sensor 

data in real timeðhave emerged as a transformative paradigm for industrial monitoring and 

optimization [2]. When combined with edge computing principles, they enable low-latency data 

processing closer to the source, reducing bandwidth requirements and improving system 

responsiveness [3]. 

While digital twin deployments in energy-intensive industries such as petrochemicals and 

automotive manufacturing have been extensively studied, their application in small-to-medium 

food processing enterprises, particularly in Central Asia, remains largely unexplored. This paper 

addresses this gap by presenting DigitalEgiz, a purpose-built edge-based digital twin deployed at a 

commercial bakery enterprise (referred to as GoldSapa) in Almaty, Kazakhstan. 

The primary contributions of this work are: (1) a heterogeneous IoT architecture combining 

microcontroller-based distributed sensing with industrial-grade smart meters; (2) a lightweight 

MQTT-to-cloud pipeline hosted on a Raspberry Pi 5 edge gateway; (3) a 61-day empirical 

evaluation capturing 17.7 million data points; and (4) integration of a Prophet+LSTM hybrid 

forecasting model within the digital twin interface for decision support. 

RELATED  WORK  

The concept of digital twins in manufacturing was first formalized by Grieves [4] and has 

since been applied across numerous industrial domains. In energy management, Zhou et al. [5] 

demonstrated that digital twins reduce energy waste in smart factories by enabling continuous 

monitoring and anomaly detection. Similarly, Wen et al. [6] showed that integrating IoT sensing 

with digital twin platforms improves predictive maintenance accuracy in food processing lines. 

mailto:amirkhanov.b@gmail.com
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Edge computing has become a critical enabler for IoT-based industrial systems, as evidenced 

by the work of Shi et al. [7], who proposed an edge-cloud collaborative framework for real-time 

industrial analytics. The combination of edge processing with time-series databases such as 

InfluxDB has been shown to support high-throughput sensor ingestion at sub-second latency [8]. 

In the domain of energy forecasting, hybrid models combining classical statistical 

approaches (SARIMA, Prophet) with deep learning (LSTM) have demonstrated superior accuracy 

compared to single-model approaches [9]. Prophet, developed by Facebook (now Meta), is 

particularly suited to energy time-series with strong seasonal patterns and irregular holidays, while 

LSTM networks capture non-linear temporal dependencies [10]. 

Despite this rich literature, no prior work has addressed the specific challenges of digital twin 

deployment in bakery enterprises under Kazakhstan's regulatory framework, where power factor 

compliance (PF Ó 0.93) carries statutory financial penalties. This work fills this gap. 

SYSTEM ARCHITECTURE  

Hardware Layer. The sensing layer of DigitalEgiz consists of 18 ESP32 microcontrollers 

(ESP-WROOM-32 modules) deployed across production equipment including industrial ovens, 

proofing chambers, mixing machines, and HVAC units. Each ESP32 samples voltage (RMS), 

current (RMS), active power, reactive power, apparent power, and power factor at 1-second 

intervals using ACS712 current sensors and ZMPT101B voltage transformers. 

Two SAIMAN smart electricity meters are integrated at the facility level: the SAIMAN Dala 

model (single-phase) and the SAIMAN Orman model (three-phase). These meters provide 

authoritative aggregate consumption data via RS-485 Modbus protocol, which is read by the 

Raspberry Pi 5 gateway over a USB-to-RS485 adapter. All 18 ESP32 nodes communicate 

wirelessly over the facility's 2.4 GHz Wi-Fi network. 

Edge Gateway and Communication. The Raspberry Pi 5 (8 GB RAM) serves as the central 

edge gateway. It hosts a Mosquitto MQTT broker that aggregates telemetry from all ESP32 nodes, 

subscribing to a structured topic hierarchy of the form facility/zone/device/metric. A Python-based 

MQTT-to-InfluxDB bridge written using the paho-mqtt and influxdb-client libraries forwards 

incoming messages to the cloud-hosted InfluxDB instance with a median end-to-end latency of 47 

ms. 

The gateway also executes local anomaly detection logic: when a device reports a power 

factor below 0.93 for more than 60 consecutive seconds, a real-time alert is generated and 

forwarded to the Grafana alerting engine. This local processing reduces cloud API calls by 

approximately 40% compared to a purely cloud-centric architecture. 

Cloud Platform and Digital Twin Visualization. The cloud layer is hosted on a VPS running 

Ubuntu 22.04, deploying InfluxDB v2.7 as the time-series database, Grafana v10.2 as the 

visualization and alerting layer, and OpenTwins as the digital twin management framework. 

OpenTwins provides a Unity 3D WebGL-based 3D model of the bakery floor plan, overlaid with 

real-time sensor readings and color-coded status indicators. 

Grafana dashboards are organized into functional panels: (1) real-time energy consumption 

per device; (2) power factor compliance status; (3) peak-hour identification; (4) deviation from 

baseline charts; and (5) a decision support panel (&#x201C;Decision Support&#x201D;) that 

displays forecasting outputs and actionable recommendations. The InfluxDB data retention policy 

is set to 90 days for raw data and indefinite for hourly aggregates. 
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TABLE I. KEY SYSTEM SPECIFICATIONS 

Parameter Value 

Sensor nodes 18 ESP32 + 2 SAIMAN 

Sampling rate 1 second 

Deployment period 61 days 

Total data points 17.7 million 

Data completeness 94.19% (adjusted) 

Edge gateway Raspberry Pi 5 (8 GB) 

MQTT broker Mosquitto v2.0 

Time-series DB InfluxDB v2.7 

Visualization Grafana v10.2 

Digital twin engine OpenTwins (Unity WebGL) 

E2E latency (median) 47 ms 

 

ENERGY FORECASTING MODULE  

The forecasting component of DigitalEgiz employs a hybrid Prophet+LSTM architecture to 

generate 24-hour ahead energy consumption predictions for each monitored device. Prophet 

models the trend and seasonality components (daily, weekly, and holiday effects relevant to the 

Kazakhstani production calendar), while the LSTM network (two stacked layers of 64 units each, 

with dropout=0.2) captures residual non-linear dynamics. 

Training data consisted of 45 days of hourly aggregate consumption per device zone. The 

Prophet model was fitted first, and its residuals were fed as input sequences to the LSTM. Final 

predictions were obtained by summing the Prophet forecast with the LSTM-predicted residuals. 

The model was evaluated on the remaining 16 days using Mean Absolute Error (MAE) as the 

primary metric. 

The Prophet+LSTM hybrid achieved MAE = 3.39 kWh on the held-out test set, 

outperforming standalone Prophet (MAE = 4.82 kWh) and standalone LSTM (MAE = 4.11 kWh). 

A SARIMA+LSTM baseline achieved MAE = 3.71 kWh, confirming the advantage of the 

Prophet-based decomposition for this production schedule pattern. 

Forecasting outputs are published to InfluxDB every 15 minutes and rendered in the Grafana 

&#x201C;Decision Support&#x201D; panel, which displays predicted vs. actual consumption 

curves along with anomaly flags triggered when the deviation exceeds 15% of the predicted value. 

Operators can use these flags to schedule equipment maintenance or load-shifting actions. 

Temporal asymmetry and preprocessing. The facility load is strongly bimodal ð a low-

energy shutdown regime (0ï2 kWh/h) and a high-energy production regime (14ï19 kWh/h) ð 

giving a right-skewed hourly distribution (mean 11.08 kWh, std 6.99 kWh) whose daily cycle is 

visible in Fig. 1. Crucially, the productionŸshutdown transition is sharper than the 

shutdownŸproduction ramp-up, so the conditional dynamics are direction-dependent. This 

temporal asymmetry is precisely what symmetric statistical models cannot represent and what 

motivates the LSTM residual corrector, whose gated memory learns direction-dependent 

transitions. Prior to modeling, 127 missing hourly values (2.7%) were imputed: short MQTT gaps 

(Ò2 h, 1.9%) by linear time interpolation ð justified because consumption varies smoothly over 

sub-hourly scales, whereas higher-order interpolants risk spurious oscillations ð while outages 

exceeding 2 h were retained and flagged as Prophet holidays rather than imputed. 

Justification of model selection. The neural component acts as a residual corrector rather than 

a standalone forecaster, which constrains the architecture. N-BEATS [9] performs its own internal 

trend/seasonality decomposition and would be redundant after Prophet/SARIMA, and its 1ï5 M 

parameters overfit the å3,300 supervised windows available here. XGBoost [13] flattens the look-

back window into a tabular vector, discarding temporal order, emits a single scalar (requiring 24 

models or error-compounding recursion for a 24-h horizon), and cannot extrapolate beyond the 
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training range ð a decisive limitation given the March-2026 level shift. Transformer models 

require substantially larger datasets and are unstable under daily fine-tuning [14]. The compact 

two-layer LSTM (å50 k parameters) uniquely satisfies data efficiency, native multi-step output, 

direction-dependent memory, stable incremental fine-tuning, and edge deployment (<200 MB, <5 

s). 

EXPERIMENTAL  RESULTS 

Data Collection and Quality. The system was deployed continuously from day 1 to day 61. 

Raw data completeness (including facility-wide power outages) stood at 87.3%. After excluding 

nine documented outage events totaling approximately 52 hours&#x2014;during which all devices 

were powered off simultaneously and thus no partial data loss occurred&#x2014;the adjusted data 

completeness reached 94.19%. This metric more accurately reflects the reliability of the sensing 

infrastructure independent of external power supply conditions. 

A duplicate device entry (Baker1_001989 and ESP32_Dala_Meter_001989 referring to the 

same physical unit) was identified and resolved during post-processing, correcting aggregate 

consumption totals by approximately 2.1%. All  results reported in this paper reflect the corrected 

dataset. 

These findings underscore the practical utility of continuous PF monitoring via the digital 

twin dashboard. 

 

Fig. 1. Hourly energy consumption distribution (kWh) across the 61-day deployment period 

 

Power Factor Analysis. Power factor (PF) is a critical compliance indicator under 

Kazakhstan&#x2019;s energy regulatory framework. Facilities with PF below 0.93 are subject to 

fines of approximately 1 638 USD for the first violation (calculated based on the Monthly 

Calculation Index, MCI, in effect at the time of deployment). Analysis of the 61-day dataset 

revealed that 81% of monitored devices (14.6 of 18 devices on average) operated below the 0.93 

threshold during at least one monitoring window per day. 

The most severe non-compliance was observed in the industrial oven zone (average PF = 

0.71) and the mixing machine bank (average PF = 0.76). The HVAC units showed the highest 

compliance rate, operating above 0.93 in 89% of measured intervals. These findings underscore the 

practical utility of continuous PF monitoring via the digital twin dashboard. 
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Fig. 2. Average power factor by equipment zone; 81% of monitored devices fall below the 0.93 

regulatory threshold, exposing the facility to fines 

 

Forecasting Accuracy and Baseline Comparison. To validate the forecasting claim beyond a 

single split, all models were re-evaluated with rolling 24-hour-ahead forecasts over a 14-day 

operational holdout against eight baselines (Table II, Fig. 3). Prophet+LSTM is the only method 

that surpasses the strong Seasonal-Naïve benchmark (MAE 3.39 vs 3.86 kWh, +12.3%); Prophet-

alone and SARIMA-alone trail it by 30% and 23% respectively. An ablation attributes the entire 

gain to the LSTM residual corrector: ī32.7% MAE and ī69% bias relative to Prophet-alone. A 

DieboldïMariano test yields DM = +1.747 (p = 0.081); with only 14 daily episodes the test is 

under-powered, but bootstrap 95% intervals with non-overlapping lower bounds and superiority on 

11 of 14 days corroborate the advantage [15]. 

TABLE II. TWENTY-FOUR-HOUR-AHEAD FORECAST ACCURACY 

Model MAE  (kWh) RMSE (kWh) vs S-Naive 

Persistence 5.64 8.16 -46.1% 

Seasonal Naive (lag 24 h) 3.86 5.97 ð 

Weekly Naive (lag 168 h) 6.62 8.80 -71.4% 

Daily Hour Mean 4.67 6.38 -21.0% 

Weekly Pattern Mean 4.41 6.13 -14.1% 

SARIMA-only 4.73 6.69 -22.6% 

Prophet-only 5.04 6.77 -30.4% 

Prophet+LSTM 3.39 4.54 +12.3% 

 

Fig. 3. Twenty-four-hour-ahead MAE across baselines; Prophet+LSTM is the only model below the 

Seasonal-Naïve reference line 
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Disaggregating the error by operating regime shows the improvement concentrates where the 

asymmetry is strongest: roughly ī29% within the steady production and shutdown regimes, but 

ī45.5% during the productionźshutdown transition hours (Fig. 4). This confirms the LSTM 

corrects direction-dependent transition errors rather than acting as a generic denoiser. 

 

Fig. 4. MAE by operating regime; the LSTM gain is largest at productionźshutdown transitions 

 

Residual Diagnostics. Residual analysis confirms model adequacy (Table III). The 

standalone models leave significant serial correlation (LjungïBox Q(24) = 42.3 and 38.9, p < 

0.001) and non-Gaussian residuals, whereas the Prophet+LSTM residuals are approximately white 

noise (Q(24) = 18.7, p = 0.134), near-symmetric (skewness ī0.18), and carry the smallest bias 

(ī1.13 kWh). In continuous production (InfluxDB, AprilïMay 2026) the model further self-

improves through daily fine-tuning and weekly retraining, reducing MAE from 7.02 to 4.58 kWh 

over eight weeks. 

TABLE III.  RESIDUAL DIAGNOSTICS ACROSS MODELS 

Model Ljung -Box Q(24) Skewness Excess kurtosis Bias (kWh) 

Prophet-only 42.3 (p<0.001) -0.87 1.82 -3.60 

SARIMA-only 38.9 (p<0.001) -0.12 3.40 -2.31 

Prophet+LSTM 18.7 (p=0.134) -0.18 0.42 -1.13 

 

System Performance. The edge gateway maintained 99.4% uptime over the 61-day 

deployment period, with three brief restarts due to OS-level package updates. The average CPU 

utilization of the Raspberry Pi 5 during normal operation was 23%, with peak utilization of 61% 

during batch ingestion events. Memory utilization averaged 31% (2.5 GB of 8 GB), confirming 

that the hardware is well-dimensioned for the workload. The InfluxDB instance stored 

approximately 4.2 GB of raw time-series data, growing at roughly 70 MB/day. 

DISCUSSION 

The results confirm that an edge-based digital twin can be effectively deployed in a real-

world food manufacturing setting with minimal infrastructure investment. The Raspberry Pi 5 

gateway proved adequate for handling the aggregate telemetry of 18 sensor nodes plus two 

industrial meters at 1-second resolution, while simultaneously running MQTT brokering, anomaly 

detection logic, and forecasting inference. 

The 81% power factor non-compliance rate is a striking finding that has direct financial 

implications for the enterprise. While the system itself cannot correct power factor without 

additional power conditioning hardware (such as capacitor banks), the digital twin provides the 

visibility  needed to identify which equipment zones require intervention. This directly supports a 
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data-driven investment decision: installing a 50 kVAR capacitor bank for the oven zone alone 

would bring that zone into compliance and avoid the regulatory fine. 

The hybrid Prophet+LSTM forecasting model demonstrated clear advantages over 

individual models, validating the decomposition approach for bakery production schedules, which 

feature strong weekly patterns tied to product type rotations and irregular holiday shutdowns. The 

15% deviation threshold for anomaly alerting was calibrated empirically and proved sensitive 

enough to detect equipment degradation events while maintaining an acceptable false-positive rate. 

One limitation of the current deployment is the reliance on a Wi-Fi network for ESP32 

communication, which introduces occasional packet loss in areas with poor coverage. Future work 

will  explore the addition of a secondary ZigBee mesh network as a fallback communication 

channel. Additionally, the OpenTwins 3D visualization currently requires a WebGL-capable 

browser, which limits mobile accessibility; a lightweight REST-based mobile interface is planned. 

CONCLUSION 

This paper presented DigitalEgiz, an edge-based digital twin system for energy monitoring in 

a bakery enterprise. The system successfully integrated 18 ESP32 sensor nodes, two industrial 

smart meters, and a Raspberry Pi 5 edge gateway into a coherent IoT-to-cloud pipeline, collecting 

17.7 million data points over 61 days with 94.19% adjusted data completeness. Key findings 

include widespread power factor non-compliance (81% of devices below the 0.93 regulatory 

threshold) and effective energy forecasting via a Prophet+LSTM hybrid model achieving MAE = 

3.39 kWh. 

The deployment demonstrates that cost-effective, open-source digital twin architectures are 

feasible for small-to-medium food manufacturing enterprises in Central Asia. The system provides 

actionable insights for regulatory compliance, predictive maintenance, and operational 

optimization. Future work will extend the platform to multi-site deployments and incorporate 

reinforcement learning-based demand response strategies. 
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ɺʚʝʜʝʥʠʝ. ɻʣʘʚʥʳʡ ʢʨʠʪʝʨʠʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ 

ʦʟʥʘʯʘʝʪ ʩʪʝʧʝʥʴ ʫʜʦʚʣʝʪʚʦʨʝʥʥʦʩʪʠ ʚ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ ʧʦʪʨʝʙʥʦʩʪʝʡ (ʛʦʩʫʜʘʨʩʪʚʘ, 

ʦʙʱʝʩʪʚʘ ʠ ʣʠʯʥʦʩʪʠ) ʠ ʧʨʘʢʪʠʯʝʩʢʫʶ ʨʝʘʣʠʟʘʮʠʶ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʨʝʢʦʤʝʥʜʘʮʠʡ. 

ʕʬʬʝʢʪʠʚʥʦʩʪʴ ʜʦʣʞʥʘ ʦʮʝʥʠʚʘʪʴʩʷ ʠ ʠʟʤʝʨʷʪʴʩʷ ʢʦʤʧʣʝʢʩʦʤ ʨʘʟʥʦʦʙʨʘʟʥʳʭ 

ʢʘʯʝʩʪʚʝʥʥʳʭ ʧʦʢʘʟʘʪʝʣʝʡ ʠ ʢʦʣʠʯʝʩʪʚʝʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ. ʆʮʝʥʢʘ ʵʬʬʝʢʪʠʚʥʦʩʪʠ 

ʨʝʟʫʣʴʪʘʪʦʚ ʜʠʩʩʝʨʪʘʮʠʡ ʧʨʝʜʧʦʣʘʛʘʝʪ ʦʧʨʝʜʝʣʝʥʠʝ ʠʭ ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʠ ʠ ʟʥʘʯʠʤʦʩʪʠ ʢʘʢ 

ʜʣʷ ʨʘʟʚʠʪʠʷ ʪʝʦʨʠʠ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ, ʪʘʢ ʠ ʧʨʘʢʪʠʯʝʩʢʦʡ ʨʝʘʣʠʟʘʮʠʠ ʩ ʤʘʢʩʠʤʘʣʴʥʳʤʠ 

ʨʝʩʫʨʩʥʳʤʠ ʚʳʛʦʜʘʤʠ. 

ʕʢʩʧʝʨʪʥʘʷ ʦʮʝʥʢʘ ʷʚʣʷʝʪʩʷ ʦʜʥʦʚʨʝʤʝʥʥʦ ʧʨʝʜʤʝʪʦʤ ʤʝʪʦʜʦʣʦʛʠʠ ʥʘʫʯʥʳʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ ʠ ʠʥʩʪʨʫʤʝʥʪʦʤ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʦʙʣʘʩʪʠ ʘʪʪʝʩʪʘʮʠʠ ʥʘʫʯʥʳʭ ʢʘʜʨʦʚ. 

ʋʩʠʣʝʥʠʝ ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʠ ʥʘʫʯʥʦ-ʪʝʭʥʠʯʝʩʢʠʭ ʨʘʟʨʘʙʦʪʦʢ ʜʣʷ ʜʦʩʪʠʞʝʥʠʷ ʫʩʪʦʡʯʠʚʦʛʦ 

ʩʦʮʠʘʣʴʥʦ-ʵʢʦʥʦʤʠʯʝʩʢʦʛʦ ʨʘʟʚʠʪʠʷ ʩʪʨʘʥʳ ʧʦʜʯʝʨʢʠʚʘʝʪ ʛʦʩʫʜʘʨʩʪʚʝʥʥʫʶ ʟʥʘʯʠʤʦʩʪʴ 

ʧʨʦʙʣʝʤʳ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. ɼʣʷ ʝʝ ʨʝʰʝʥʠʷ ʧʨʝʜʣʘʛʘʝʪʩʷ 

ʘʢʮʝʥʪʠʨʦʚʘʪʴ ʚʥʠʤʘʥʠʝ ʥʘ ʨʝʘʣʴʥʳʝ ʨʝʟʫʣʴʪʘʪʳ ʜʠʩʩʝʨʪʘʮʠʡ, ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʝ ʥʘ 

ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʴ, ʠʥʥʦʚʘʮʠʠ ʠ ʢʦʤʤʝʨʮʠʘʣʠʟʘʮʠʶ ʠ ʧʨʠʤʝʥʝʥʠʝ ʤʝʪʦʜʦʣʦʛʠʠ ʫʧʨʘʚʣʝʥʠʷ 

ʦʮʝʥʢʠ ʨʝʟʫʣʴʪʘʪʦʚ ʥʘ ʦʩʥʦʚʝ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʦʮʝʥʦʯʥʳʭ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʦʚ ʠ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ. 

ɸʥʘʣʠʟ ʠʩʩʣʝʜʦʚʘʥʠʡ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʪʨʘʜʠʮʠʦʥʥʳʝ ʢʨʠʪʝʨʠʠ ɻ ʢʩʧʝʨʪʠʟʳ ʦʩʪʘʶʪʩʷ 

ʦʩʥʦʚʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ, ʦʜʥʘʢʦ ʠʭ ʬʦʨʤʘʣʠʟʘʮʠʷ ʥʝʜʦʩʪʘʪʦʯʥʘ. ʕʢʩʧʝʨʪʠʟʘ 

ʧʨʦʚʦʜʠʪʩʷ ʚ ʩʪʨʦʛʦʤ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʟʘʢʦʥʦʜʘʪʝʣʴʥʳʤʠ ʨʝʛʣʘʤʝʥʪʘʤʠ [1-3], ʥʦ ʚʳʷʚʣʝʥʳ 

ʩʣʝʜʫʶʱʠʝ ʧʨʦʙʣʝʤʳ: 

- ʩʣʘʙʘʷ ʬʦʨʤʘʣʠʟʘʮʠʷ ʦʮʝʥʦʢ, ʯʪʦ ʧʨʠʚʦʜʠʪ ʢ ʩʫʙʲʝʢʪʠʚʥʦʩʪʠ ʚʳʚʦʜʦʚ; 

- ʦʪʩʫʪʩʪʚʠʝ ʧʨʦʮʝʜʫʨ ʘʢʪʫʘʣʠʟʘʮʠʠ ʢʨʠʪʝʨʠʝʚ; 

- ʧʨʝʦʙʣʘʜʘʥʠʝ ʦʧʠʩʘʪʝʣʴʥʳʭ ʤʘʪʝʨʠʘʣʦʚ, ʟʘʪʨʫʜʥʷʶʱʝʝ ʜʠʬʬʝʨʝʥʮʠʨʦʚʘʥʥʫʶ 

ʦʮʝʥʢʫ. 

ɺʳʷʚʣʝʥʥʳʝ ʟʘʪʨʫʜʥʝʥʠʷ ʩʥʠʞʘʶʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʠ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʵʢʩʧʝʨʪʥʦʡ 

ʦʮʝʥʢʠ, ʫʩʣʦʞʥʷʶʪ ʢʦʥʪʨʦʣʴ ʠ ʦʨʛʘʥʠʟʘʮʠʶ ʵʢʩʧʝʨʪʥʦʡ ʨʘʙʦʪʳ, ʯʪʦ ʦʙʫʩʣʦʚʣʠʚʘʝʪ 

ʘʢʪʫʘʣʴʥʦʩʪʴ ʩʠʩʪʝʤʥʦʛʦ ʧʦʜʭʦʜʘ ʢ ʦʧʪʠʤʠʟʘʮʠʠ ʵʪʠʭ ʧʨʦʮʝʩʩʦʚ. ʋʩʠʣʝʥʠʝ 

ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʠ ʥʘʫʯʥʦ-ʪʝʭʥʠʯʝʩʢʠʭ ʨʘʟʨʘʙʦʪʦʢ ʚ ʨʝʘʣʴʥʦʤ ʩʝʢʪʦʨʝ ʵʢʦʥʦʤʠʢʠ ʠ 

ʧʨʦʠʟʚʦʜʩʪʚʘ ʧʦʜʯʝʨʢʠʚʘʝʪ ʛʦʩʫʜʘʨʩʪʚʝʥʥʫʶ ʟʥʘʯʠʤʦʩʪʴ ʧʨʦʙʣʝʤʳ ʵʬʬʝʢʪʠʚʥʦʩʪʠ 

ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. 

ʎʝʣʴʶ ʠʩʩʣʝʜʦʚʘʥʠʷ ʷʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʦʥʥʦʛʦ ʠʥʩʪʨʫʤʝʥʪʘʨʠʷ 

ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ ʘʚʪʦʤʘʪʠʟʘʮʠʝʡ ʧʨʦʮʝʩʩʦʚ ʥʘ ʢʨʠʪʝʨʠʘʣʴʥʦʡ 

ʦʩʥʦʚʝ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʠ. ʇʦʚʳʰʝʥʠʝ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ 

ʥʘʧʨʘʚʣʝʥʦ ʥʘ ʨʝʰʝʥʠʝ ʘʢʪʫʘʣʴʥʳʭ ʧʨʦʙʣʝʤ ʥʘʫʯʥʦ-ʪʝʭʥʠʯʝʩʢʦʛʦ ʨʘʟʚʠʪʠʷ ʠ 

ʬʦʨʤʠʨʦʚʘʥʠʝ ʥʘʫʯʥʳʭ ʰʢʦʣ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʭ ʚʳʩʦʢʠʡ ʩʦʮʠʘʣʴʥʦ-ʵʢʦʥʦʤʠʯʝʩʢʠʡ 

ʧʦʪʝʥʮʠʘʣ ʩʪʨʘʥʳ. ʆʜʥʘʢʦ ʘʥʘʣʠʟ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ ʧʦʢʘʟʘʣ ʠʤʝʶʱʠʝʩʷ ʧʨʦʙʣʝʤʳ, 

ʦʙʫʩʣʦʚʣʝʥʥʳʝ ʥʠʟʢʦʡ ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʴʶ ʨʝʟʫʣʴʪʘʪʦʚ ʜʠʩʩʝʨʪʘʮʠʡ ʧʦʪʨʝʙʠʪʝʣʷʤʠ, 

ʥʝʩʦʦʪʚʝʪʩʪʚʠʝʤ ʩʦʜʝʨʞʘʥʠʷ ʨʘʙʦʪ ʩʦʚʨʝʤʝʥʥʳʤ ʪʨʝʙʦʚʘʥʠʷʤ ʥʘʫʢʠ, ʥʝʜʦʩʪʘʪʦʯʥʳʤ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ ʚ ʘʜʤʠʥʠʩʪʨʠʨʦʚʘʥʠʠ ɻ ʢʩʧʝʨʪʥʳʭ ʦʮʝʥʦʢ. ɺ 

ʵʪʦʡ ʩʚʷʟʠ ʠ ʚ ʮʝʣʷʭ ʧʦʟʠʮʠʦʥʠʨʦʚʘʥʠʷ ʦʪʝʯʝʩʪʚʝʥʥʦʡ ʥʘʫʢʠ ʚ ʛʣʦʙʘʣʴʥʦʤ ʧʨʦʩʪʨʘʥʩʪʚʝ 
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ʦʙʝʩʧʝʯʝʥʠʝ ʨʝʟʫʣʴʪʘʪʦʚ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ʧʨʝʜʩʪʘʚʣʷʝʪ 

ʩʦʙʦʡ ʥʘʫʯʥʫʶ ʧʨʦʙʣʝʤʫ, ʨʝʰʝʥʠʝ ʢʦʪʦʨʦʡ ʪʨʝʙʫʝʪ ʨʘʟʨʘʙʦʪʢʠ ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʡ 

ʤʝʪʦʜʦʣʦʛʠʠ ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ ʦʮʝʥʦʯʥʦʛʦ ʠʥʩʪʨʫʤʝʥʪʘʨʠʷ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʩʦʚʨʝʤʝʥʥʳʭ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ. 

ʄʝʪʦʜʦʣʦʛʠʷ. ʄʝʪʦʜʳ ʠʩʩʣʝʜʦʚʘʥʠʷ: ʤʝʪʦʜʳ ʩʠʩʪʝʤʥʦʛʦ ʘʥʘʣʠʟʘ, ʵʢʩʧʝʨʪʥʦʡ 

ʦʮʝʥʢʠ, ʪʝʦʨʠʠ ʫʧʨʘʚʣʝʥʠʷ, ʤʘʪʝʤʘʪʠʯʝʩʢʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ, ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦʛʦ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʠ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ. 

ɺ ʨʘʤʢʘʭ ʚʳʧʦʣʥʝʥʠʷ ʮʝʣʝʚʳʭ ʟʘʜʘʯ ʠ ʤʝʪʦʜʦʣʦʛʠʠ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʳʣ ʨʘʟʨʘʙʦʪʘʥ 

ʘʣʛʦʨʠʪʤ ʧʨʦʮʝʩʩʦʚ ʧʨʦʚʝʜʝʥʠʷ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. ʅʘ ʥʘʯʘʣʴʥʦʤ 

ʵʪʘʧʝ ʙʳʣʠ ʦʙʦʩʥʦʚʘʥʳ ʪʨʝʙʦʚʘʥʠʷ ʠ ʨʘʟʨʘʙʦʪʘʥʘ ʬʦʨʤʘ ʘʢʪʫʘʣʠʟʘʮʠʠ ʢʨʠʪʝʨʠʝʚ ʜʣʷ 

ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ. ʉʬʦʨʤʠʨʦʚʘʥ ʩʦʩʪʘʚ ʢʣʶʯʝʚʳʭ ʧʘʨʘʤʝʪʨʦʚ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ, ʯʪʦ ʧʦʜʚʝʨʛʘʝʪʩʷ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʝ. 

ʊʝʭʥʦʣʦʛʠʷ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʟʘʢʣʶʯʘʣʘʩʴ ʚ ʘʥʘʣʠʟʝ ʠ ʦʧʠʩʘʥʠʠ ʘʢʪʫʘʣʠʟʘʮʠʠ 

ʧʦʢʘʟʘʪʝʣʝʡ ʜʠʩʩʝʨʪʘʮʠʠ ʩʦʛʣʘʩʥʦ ʫʩʪʘʥʦʚʣʝʥʥʳʭ ʢʨʠʪʝʨʠʝʚ ʠ ʧʦʜʛʦʪʦʚʢʝ 

ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʛʦ ʟʘʢʣʶʯʝʥʠʷ. ʇʦʢʘʟʘʪʝʣʷʤʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʡ ʨʘʙʦʪʳ ʷʚʣʷʶʪʩʷ 

ʧʦʣʫʯʝʥʥʳʝ ʚ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʥʘʫʯʥʦ-ʧʨʘʢʪʠʯʝʩʢʠʝ ʨʝʟʫʣʴʪʘʪʳ. ʂʨʠʪʝʨʠʠ 

ʨʝʟʫʣʴʪʘʪʦʚ ʜʠʩʩʝʨʪʘʮʠʠ ʦʧʨʝʜʝʣʷʶʪʩʷ ʥʘʫʯʥʳʤʠ ʟʥʘʥʠʷʤʠ ʚ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ, 

ʧʦʣʫʯʝʥʥʳʝ ʨʘʥʝʝ ʜʨʫʛʠʤ ʫʯʝʥʳʤ ʚʧʝʨʚʳʝ ʠ ʷʚʣʷʶʱʠʝʩʷ ʧʦ ʬʘʢʪʫ ʧʫʙʣʠʢʘʮʠʠ ʥʦʚʳʤʠ. 

ʈʘʟʥʠʮʘ ʤʝʞʜʫ ʧʦʢʘʟʘʪʝʣʝʤ ʠ ʢʨʠʪʝʨʠʝʤ ʦʪʥʝʩʝʥʘ ʢ ʨʝʟʫʣʴʪʘʪʫ, ʯʪʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ 

ʦʧʨʝʜʝʣʝʥʥʦʡ ʦʮʝʥʢʝ [15]. 

ɺ ʮʝʣʷʭ ʩʠʩʪʝʤʘʪʠʟʘʮʠʠ ʠ ʢʣʘʩʩʠʬʠʢʘʮʠʠ ʨʘʙʦʪ ʧʦ ʧʨʦʮʝʜʫʨʘʤ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʙʳʣ ʦʧʨʝʜʝʣʝʥ ʩʦʩʪʘʚ ʫʯʘʩʪʥʠʢʦʚ, ʠʭ ʬʦʨʤʳ ʚʟʘʠʤʦʩʚʷʟʠ ʠ ʬʫʥʢʮʠʦʥʘʣ. ɹʳʣʠ ʠʟʫʯʝʥʳ ʠ 

ʬʦʨʤʘʪʠʨʦʚʘʥʳ ʧʝʨʝʯʝʥʴ ʠ ʩʦʜʝʨʞʘʥʠʝ ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪʘ, ʩʬʦʨʤʠʨʦʚʘʥʳ ʬʦʨʤʳ 

ʦʪʯʝʪʥʦʩʪʠ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ, ʘʜʨʝʩʘʪʳ ʦʪʧʨʘʚʠʪʝʣʝʡ ʠ ʧʦʣʫʯʘʪʝʣʝʡ ʢʦʨʨʝʩʧʦʥʜʝʥʮʠʠ. 

ɹʳʣʠ ʨʘʟʨʘʙʦʪʘʥʳ ʪʨʝʙʦʚʘʥʠʷ ʢ ʧʨʦʝʢʪʠʨʦʚʘʥʠʶ ʠ ʢʦʥʮʝʧʪʫʘʣʴʥʘʷ ʤʦʜʝʣʴ 

ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ, ʠʣʣʶʩʪʨʠʨʫʶʱʘʷ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʳ ʦʮʝʥʦʯʥʳʭ 

ʧʨʦʮʝʜʫʨ ʵʢʩʧʝʨʪʥʦʡ ʨʘʙʦʪʳ. ʆʧʨʝʜʝʣʝʥʳ ʧʷʪʴ ʤʦʜʫʣʝʡ, ʜʣʷ ʢʦʪʦʨʳʭ ʙʳʣʠ ʨʘʟʨʘʙʦʪʘʥʳ 

ʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʨʝʛʣʘʤʝʥʪʘʮʠʠ ʠ ʩʚʷʟʠ, ʘ ʪʘʢʞʝ ʬʦʨʤʳ ʦʪʯʝʪʦʚ ʨʝʟʫʣʴʪʘʪʦʚ ʨʘʙʦʪ. ɹʳʣʠ 

ʩʬʦʨʤʫʣʠʨʦʚʘʥʳ ʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʠ ʥʝʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʪʨʝʙʦʚʘʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʝ 

ʘʚʪʦʤʘʪʠʟʘʮʠʶ ʢʣʶʯʝʚʳʭ ʧʨʦʮʝʩʩʦʚ. 

ɹʳʣʘ ʩʬʦʨʤʠʨʦʚʘʥʘ ʥʦʨʤʘʪʠʚʥʦ-ʧʨʘʚʦʚʘʷ ʙʘʟʘ ʠ ʝʝ ʪʨʝʙʦʚʘʥʠʷ, ʢʦʪʦʨʳʝ 

ʬʦʨʤʘʣʠʟʦʚʘʥʳ ʠ ʚʚʝʜʝʥʳ ʚ ʩʧʨʘʚʦʯʥʳʝ ʤʘʪʝʨʠʘʣʳ ʩʠʩʪʝʤʳ. 

ʅʘ ʩʣʝʜʫʶʱʝʤ ʵʪʘʧʝ ʙʳʣʦ ʦʩʫʱʝʩʪʚʣʝʥʦ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʦʚ 

ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. ʉʧʨʦʝʢʪʠʨʦʚʘʥʳ ʤʦʜʝʣʠ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʦʚ, 

ʜʠʘʛʨʘʤʤʳ ʚʘʨʠʘʥʪʦʚ ʠʩʧʦʣʴʟʦʚʘʥʠ ʜʝʷʪʝʣʴʥʦʩʪʠ. ʈʘʟʨʘʙʦʪʘʥʳ ʩʪʨʫʢʪʫʨʘ ʜʘʥʥʳʭ 

ʘʨʭʠʪʝʢʪʫʨʘ ʩʠʩʪʝʤʳ. 

ʈʘʟʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ ʚʝʣʘʩʴ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ 

ʤʝʪʦʜʦʣʦʛʠʠ Agile (Scrum), ʯʪʦ ʧʦʟʚʦʣʠʣʦ ʛʠʙʢʦ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʠʟʤʝʥʝʥʠʷʤ ʪʨʝʙʦʚʘʥʠʡ 

ʠ ʦʧʝʨʘʪʠʚʥʦ ʫʯʠʪʳʚʘʪʴ ʦʙʨʘʪʥʫʶ ʩʚʷʟʴ ʦʪ ʧʦʣʴʟʦʚʘʪʝʣʝʡ. 

ʅʘ ʟʘʢʣʶʯʠʪʝʣʴʥʦʤ ʵʪʘʧʝ ʩʦʟʜʘʥ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʡ ʠʥʪʝʨʬʝʡʩ, ʘʜʘʧʪʠʨʦʚʘʥʥʳʡ ʜʣʷ 

ʩʝʢʨʝʪʘʨʝʡ, ʧʨʝʜʩʝʜʘʪʝʣʷ ʠ ʵʢʩʧʝʨʪʦʚ ʩʝʢʮʠʡ, ʘ ʪʘʢʞʝ ʧʦʜʛʦʪʦʚʣʝʥʳ ʨʫʢʦʚʦʜʩʪʚʘ 

ʧʨʦʛʨʘʤʤʠʩʪʘ ʠ ʧʦʣʴʟʦʚʘʪʝʣʷ. ʈʘʟʨʘʙʦʪʘʥ ʠ ʨʝʘʣʠʟʦʚʘʥ ʘʣʛʦʨʠʪʤ ʤʝʪʦʜʠʢʠ ʵʢʩʧʝʨʪʥʦʡ 

ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. ʇʨʦʚʝʜʝʥʦ ʤʦʜʫʣʴʥʦʝ, ʠʥʪʝʛʨʘʮʠʦʥʥʦʝ ʠ ʩʠʩʪʝʤʥʦʝ 

ʪʝʩʪʠʨʦʚʘʥʠʝ, ʧʦʜʪʚʝʨʜʠʚʰʝʝ ʢʦʨʨʝʢʪʥʦʩʪʴ ʨʘʙʦʪʳ ɸʀʉ. 

ʈʝʟʫʣʴʪʘʪʳ. ʅʘ ʦʩʥʦʚʝ ʘʥʘʣʠʟʘ ʩʦʚʨʝʤʝʥʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʨʘʩʩʤʘʪʨʠʚʘʝʤʦʡ 

ʧʨʦʙʣʝʤʳ ʚ ʩʪʨʘʥʝ ʩʣʝʜʫʝʪ ʦʪʤʝʪʠʪʴ, ʯʪʦ ʧʨʠ ʩʫʱʝʩʪʚʫʶʱʝʤ ʜʦʩʪʘʪʦʯʥʦʤ ʥʦʨʤʘʪʠʚʥʦ-

ʧʨʘʚʦʚʦʤ ʦʙʝʩʧʝʯʝʥʠʠ ʠ ʜʦʩʪʫʧʥʦʩʪʠ ʨʝʘʣʠʟʘʮʠʠ ʕʆɼ ʚ ʯʘʩʪʠ ʫʯʝʪʘ, ʚʳʧʦʣʥʝʥʠʷ ʠ 

ʧʦʣʥʦʮʝʥʥʦʛʦ ʩʦʙʣʶʜʝʥʠʷ ʢʨʠʪʝʨʠʝʚ ʩʫʙʲʝʢʪʘʤʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ, ʘ ʪʘʢʞʝ 

ʬʦʨʤʘʣʠʟʘʮʠʠ ʦʧʠʩʘʥʠʷ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʠ ʧʦʜʛʦʪʦʚʢʠ ʟʘʢʣʶʯʝʥʠʷ ʧʦʢʘ ʝʱʝ ʚ 

ʙʦʣʴʰʠʥʩʪʚʝ ʩʣʫʯʘʝ ʠʤʝʝʪ ʩʫʙʲʝʢʪʠʚʥʳʡ ʠ ʥʝʜʦʩʪʘʪʦʯʥʦ ʦʙʦʩʥʦʚʘʥʥʳʡ ʭʘʨʘʢʪʝʨ ʦʮʝʥʢʠ. ɺ 
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ʩʚʷʟʠ ʩ ʵʪʠʤ ʥʘʤʠ ʨʘʟʨʘʙʦʪʘʥʘ ʠ ʨʝʢʦʤʝʥʜʫʝʪʩʷ ʜʣʷ ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʨʫʢʦʚʦʜʩʪʚʘ ʬʦʨʤʘ 

ʘʢʪʫʘʣʠʟʘʮʠʠ ʢʨʠʪʝʨʠʝʚ ʜʣʷ ɻ ʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ, ʯʪʦ ʤʦʞʝʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥʘ 

ʢʘʢ ʩʦʠʩʢʘʪʝʣʷʤʠ ʫʯʝʥʳʭ ʩʪʝʧʝʥʝʡ, ʪʘʢ ʠ ʵʢʩʧʝʨʪʥʳʤʠ ʩʦʚʝʪʘʤʠ. ʌʨʘʛʤʝʥʪ ʫʩʣʦʚʠʡ ʠ 

ʦʧʠʩʘʥʠʷ ʤʘʪʝʨʠʘʣʦʚ ʚ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʝ ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʫʩʪʘʥʦʚʣʝʥʥʦʡ ʢʨʠʪʝʨʠʘʣʴʥʦʡ 

ʙʘʟʳ ʥʘ ʧʨʠʤʝʨʝ ʢʨʠʪʝʨʠʷ ˉ 1 ʧʨʠʚʝʜʝʥ ʚ ʪʘʙʣ. 1. 

 

ʊʘʙʣʠʮʘ 1. ɸʢʪʫʘʣʠʟʘʮʠʷ ʢʨʠʪʝʨʠʝʚ ʜʣʷ ɻ ʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʠ 
 ̄ ʅʘʠʤʝʥʦʚʘʥʠʝ 

ʢʨʠʪʝʨʠʝʚ 

ʋʯʝʪ ʠ ʚʳʧʦʣʥʝʥʠʝ 

ʪʨʝʙʦʚʘʥʠʡ ʢʨʠʪʝʨʠʝʚ ʚ 

ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʡ ʨʘʙʦʪʝ 

ʆʙʦʩʥʦʚʘʥʠʝ ʠ 

ʦʧʠʩʘʥʠʝ 

ʵʢʩʧʝʨʪʥʦʡ 

ʦʮʝʥʢʠ 

ɺʘʨʠʘʥʪʳ 

ʵʢʩʧʝʨʪʥʦʡ 

ʦʮʝʥʢʠ 
ʚ ʟʘʢʣʶʯʝʥʠʠ 

1 ɸʢʪʫʘʣʴʥʦʩʪʴ, ʆʙʦʩʥʦʚʘʥʠʝ ʠ ʦʧʠʩʘʥʠʝ ʇʨʠʚʦʜʠʪʩʷ ʚ 1. ɸʢʪʫʘʣʴʥʦʩʪʴ ʠ 
 ʥʘʧʨʘʚʣʝʥʥʦʩʪʴ, ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʠ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ 
 ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ ʩʚʦʝʚʨʝʤʝʥʥʦʩʪʠ ʨʝʰʝʥʠʷ ʧʫʥʢʪʦʤ 26 ʦʙʦʩʥʦʚʘʥʳ ʥʘ 
 ʠʩʩʣʝʜʦʚʘʥʠʷ ʘʢʪʫʘʣʴʥʦʡ ʧʨʦʙʣʝʤʳ ʠ ʇʦʣʦʞʝʥʠʷ ʦ ʚʳʩʦʢʦʤ ʫʨʦʚʥʝ. 
  ʪʝʦʨʝʪʠʯʝʩʢʦʡ ʟʥʘʯʠʤʦʩʪʠ ʧʦʨʷʜʢʝ 2. ɸʢʪʫʘʣʴʥʦʩʪʴ ʠ 
  ʪʝʤʳ, ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʡ ʧʨʠʩʫʞʜʝʥʠʷ ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ 
  ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʤ ʮʝʣʝʚʳʤ ʫʯʝʥʳʭ ʩʪʝʧʝʥʝʡ ʠ ʦʙʦʩʥʦʚʘʥʳ ʚ 
  ʧʨʦʛʨʘʤʤʘʤ ʠ ʧʨʠʦʨʠʪʝʪʘʤ, ʧʝʨʝʯʥʝʤ ʦʩʥʦʚʥʦʤ. 
  ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʠ ʜʣʷ ʧʨʠʦʨʠʪʝʪʥʳʭ 3. ɸʢʪʫʘʣʴʥʦʩʪʴ ʠ 
  ʢʦʥʢʨʝʪʥʳʭ ʧʦʪʨʝʙʠʪʝʣʝʡ ʥʘʧʨʘʚʣʝʥʠʡ ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ 
  ʤʝʞʜʫʥʘʨʦʜʥʦʛʦ ʠ ʨʘʟʚʠʪʠʷ ʥʘʫʢʠ, ʦʙʦʩʥʦʚʘʥʳ 
  ʦʪʝʯʝʩʪʚʝʥʥʦʛʦ ʫʨʦʚʥʝʡ, ʘ ʥʘʫʯʥʦ- ʯʘʩʪʠʯʥʦ. 
  ʪʘʢʞʝ ʇʝʨʝʯʥʶ ʪʝʭʥʠʯʝʩʢʦʡ ʠ 4. ɸʢʪʫʘʣʴʥʦʩʪʴ ʠ 
  ʧʨʠʦʨʠʪʝʪʥʳʭ ʥʘʧʨʘʚʣʝʥʠʡ ʥʘʫʯʥʦ- ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ 
  ʨʘʟʚʠʪʠʷ ʥʘʫʢʠ, ʥʘʫʯʥʦ- ʠʥʥʦʚʘʮʠʦʥʥʦʡ ʠʩʩʣʝʜʦʚʘʥʠʷ ʥʝ 
  ʪʝʭʥʠʯʝʩʢʦʡ ʠ ʥʘʫʯʥʦ- ʜʝʷʪʝʣʴʥʦʩʪʠ ʂʈ ʥʘ ʩʦʦʪʚʝʪʩʪʚʫʶʪ 
  ʠʥʥʦʚʘʮʠʦʥʥʦʡ 2024-2028 ʛʛ. ʪʨʝʙʦʚʘʥʠʷʤ. 
  ʜʝʷʪʝʣʴʥʦʩʪʠ ʚ ʂʈ ʥʘ 2024- ʩʦʛʣʘʩʥʦ  

  2028 ʛʛ. ʩʦʛʣʘʩʥʦ ʈʘʩʧʦʨʷʞʝʥʠʶ  

  ʈʘʩʧʦʨʷʞʝʥʠʶ ʂʘʙʠʥʝʪ ʂʘʙʠʥʝʪʘ  

  ʄʠʥʠʩʪʨʦʚ ʂʈ ʦʪ 30 ʄʠʥʠʩʪʨʦʚ ʂʈ ʦʪ  

  ʩʝʥʪʷʙʨʷ 2024 ʛ. ˉ 598-ʨ. 30.09.2024. ̄ 598  

 

ʆʩʥʦʚʥʳʤʠ ʭʘʨʘʢʪʝʨʠʩʪʠʢʘʤʠ ʠ ʦʩʦʙʝʥʥʦʩʪʷʤʠ ʜʘʥʥʦʛʦ ʤʝʪʦʜʘ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʦʪ ʩʫʱʝʩʪʚʫʶʱʝʛʦ ʚ ʥʘʩʪʦʷʱʝʝ ʚʨʝʤʷ ʧʦʜʭʦʜʘ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ ʷʚʣʶʪʩʷ: 

- ʧʨʠʚʦʜʷʪʩʷ ʪʨʝʙʦʚʘʥʠʷ ʠ ʫʩʣʦʚʠʷ, ʢʦʪʦʨʳʝ ʜʦʣʞʥʳ ʙʳʪʴ ʦʙʦʩʥʦʚʘʥʳ, ʦʧʠʩʘʥʳ, 

ʨʘʩʢʨʳʪʳ, ʧʨʠʚʝʜʝʥʳ ʚ ʜʠʩʩʝʨʪʘʮʠʠ ʩʪʨʦʛʦ ʚ ʩʦʦʪʚʝʪʩʪʚʠʝ ʢʨʠʪʝʨʠʘʣʴʥʦʡ ʙʘʟʝ; 

- ʨʘʟʨʘʙʦʪʘʥ ʬʦʨʤʘʪ ʦʙʦʩʥʦʚʘʥʠʷ ʠ ʦʧʠʩʘʥʠʷ ʘʥʘʣʠʟʘ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʧʦ 

ʫʩʪʘʥʦʚʣʝʥʥʳʤ ʢʨʠʪʝʨʠʷʤ ɺɸʂ; 

- ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʦʙʲʝʢʪʠʚʥʦʩʪʠ ʠ ʜʠʬʬʝʨʝʥʮʠʘʮʠʠ ʨʝʟʫʣʴʪʘʪʦʚ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ ʠ ʧʦʜʛʦʪʦʚʢʠ ʟʘʢʣʶʯʝʥʠʷ ʚʚʦʜʷʪʩʷ ʯʝʪʳʨʝ ʚʘʨʠʘʥʪʘ ʦʮʝʥʦʢ ʧʦ 

ʫʨʦʚʥʶ ʨʝʟʫʣʴʪʘʪʦʚ ʜʠʩʩʝʨʪʘʮʠʠ ʧʦ ʢʨʠʪʝʨʠʷʤ. 

ʈʘʟʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ. ɼʣʷ 

ʨʝʰʝʥʠʷ ʚʳʷʚʣʝʥʥʳʭ ʧʨʦʙʣʝʤ ʠ ʧʦʚʳʰʝʥʠʷ ʦʙʲʝʢʪʠʚʥʦʩʪʠ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʧʨʝʜʣʘʛʘʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ (ʀɸʉ), ʢʦʪʦʨʘʷ ʧʦʟʚʦʣʠʪ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʪʴ ʧʨʦʮʝʩʩʳ ʵʢʩʧʝʨʪʠʟʳ, ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ ʩʫʙʲʝʢʪʠʚʥʦʩʪʴ ʠ ʧʦʚʳʩʠʪʴ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʨʘʙʦʪʳ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʩʦʚʝʪʦʚ. 

ɼʣʷ ʨʝʰʝʥʠʷ ʚʳʷʚʣʝʥʥʳʭ ʧʨʦʙʣʝʤ ʠ ʧʦʚʳʰʝʥʠʷ ʦʙʲʝʢʪʠʚʥʦʩʪʠ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʧʨʝʜʣʘʛʘʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ (ʀɸʉ), ʢʦʪʦʨʘʷ ʧʦʟʚʦʣʠʪ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʪʴ ʧʨʦʮʝʩʩʳ ʵʢʩʧʝʨʪʠʟʳ, ʤʠʥʠʤʠʟʠʨʦʚʘʪʴ ʩʫʙʲʝʢʪʠʚʥʦʩʪʴ ʠ ʧʦʚʳʩʠʪʴ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʨʘʙʦʪʳ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʩʦʚʝʪʦʚ. 
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ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʠ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ ʧʨʦʮʝʩʩʦʚ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʜʠʩʩʝʨʪʘʮʠʡ ʚ ɺʳʩʰʝʡ ʘʪʪʝʩʪʘʮʠʦʥʥʦʡ ʢʦʤʠʩʩʠʠ (ɺɸʂ) ʧʨʝʜʣʘʛʘʝʪʩʷ ʚʥʝʜʨʝʥʠʝ 

ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʦʡ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ, ʚʢʣʶʯʘʶʱʝʡ ʩʣʝʜʫʶʱʠʝ 

ʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʢʦʤʧʦʥʝʥʪʳ: 

1. ʄʦʜʫʣʴ ʭʨʘʥʝʥʠʷ ʠ ʫʧʨʘʚʣʝʥʠʷ ʜʦʢʫʤʝʥʪʘʤʠ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʡ 
ʧʨʠʸʤ, ʭʨʘʥʝʥʠʝ ʠ ʜʦʩʪʫʧ ʢ ʜʠʩʩʝʨʪʘʮʠʷʤ, ʘʚʪʦʨʝʬʝʨʘʪʘʤ ʠ ʩʦʧʨʦʚʦʜʠʪʝʣʴʥʳʤ ʤʘʪʝʨʠʘʣʘʤ. 

2. ʄʦʜʫʣʴ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʛʦ ʨʘʩʧʨʝʜʝʣʝʥʠʷ, ʧʦʟʚʦʣʷʶʱʠʡ ʥʘʧʨʘʚʣʷʪʴ ʤʘʪʝʨʠʘʣʳ 
ʥʘ ʵʢʩʧʝʨʪʠʟʫ ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩʦ ʩʧʝʮʠʘʣʴʥʦʩʪʴʶ ʠ ʢʦʤʧʝʪʝʥʮʠʝʡ ʵʢʩʧʝʨʪʦʚ. 

3. ʄʦʜʫʣʴ ʧʦʜʛʦʪʦʚʢʠ ʵʢʩʧʝʨʪʥʳʭ ʟʘʢʣʶʯʝʥʠʡ, ʠʩʢʣʶʯʘʶʱʠʡ ʧʦʚʪʦʨʥʳʡ ʚʚʦʜ 

ʠʜʝʥʪʠʯʥʳʭ ʜʘʥʥʳʭ ʠ ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʝʜʠʥʦʦʙʨʘʟʠʝ ʜʦʢʫʤʝʥʪʘʮʠʠ. 

4. ʀʥʬʦʨʤʘʮʠʦʥʥʳʡ ʤʦʜʫʣʴ, ʧʨʝʜʦʩʪʘʚʣʷʶʱʠʡ ʜʦʩʪʫʧ ʢ ʥʦʨʤʘʪʠʚʥʳʤ ʘʢʪʘʤ, 

ʧʘʩʧʦʨʪʘʤ ʩʧʝʮʠʘʣʴʥʦʩʪʝʡ ʠ ʢʨʠʪʝʨʠʷʤ ʦʮʝʥʢʠ. 

5. ʄʦʜʫʣʴ ʤʦʥʠʪʦʨʠʥʛʘ, ʦʪʦʙʨʘʞʘʶʱʠʡ ʘʢʪʫʘʣʴʥʳʡ ʩʪʘʪʫʩ ʧʨʦʭʦʞʜʝʥʠʷ ʢʘʞʜʦʡ 

ʜʠʩʩʝʨʪʘʮʠʠ ʠ ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʢʦʥʪʨʦʣʴ ʩʦ ʩʪʦʨʦʥʳ ʧʨʝʜʩʝʜʘʪʝʣʷ ʩʝʢʮʠʠ. 

6. ʄʦʜʫʣʴ ʚʝʨʠʬʠʢʘʮʠʠ ʙʠʙʣʠʦʛʨʘʬʠʠ, ʫʧʨʦʱʘʶʱʠʡ ʧʨʦʚʝʨʢʫ ʩʦʦʪʚʝʪʩʪʚʠʷ ʩʧʠʩʢʘ 

ʣʠʪʝʨʘʪʫʨʳ ʩʦʜʝʨʞʘʥʠʶ ʘʚʪʦʨʝʬʝʨʘʪʘ. 

ɺ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʬʫʥʢʮʠʦʥʘʣʦʤ ɸʀʉ, ʩʦʛʣʘʩʥʦ ʘʣʛʦʨʠʪʤʫ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʦʚ ʠ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʧʦʪʦʢʦʚ ʧʨʦʮʝʜʫʨʳ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʙʫʜʫʪ 

ʧʨʦʠʟʚʦʜʠʪʴʩʷ ʚ ʫʩʪʘʥʦʚʣʝʥʥʳʤ ʧʦʨʷʜʢʝ. ɼʣʷ ʧʨʝʜʩʝʜʘʪʝʣʷ ʵʢʩʧʝʨʪʥʦʡ ʩʝʢʮʠʠ 

ʧʨʝʜʫʩʤʦʪʨʝʥʘ ʩʪʨʘʥʠʮʘ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʧʦʩʪʫʧʠʚʰʠʭ ʜʠʩʩʝʨʪʘʮʠʡ. ʅʘ ʩʪʨʘʥʠʮʝ 

ʦʪʦʙʨʘʞʘʝʪʩʷ ʪʘʙʣʠʮʘ ʩʦ ʩʧʠʩʢʦʤ ʚʩʝʭ ʜʠʩʩʝʨʪʘʮʠʡ ʠ ʠʭ ʩʪʘʪʫʩʘʤʠ. 

ɼʣʷ ʢʘʞʜʦʡ ʜʠʩʩʝʨʪʘʮʠʠ ʜʦʩʪʫʧʥʦ ʚʩʧʦʤʦʛʘʪʝʣʴʥʦʝ ʤʝʥʶ, ʢʦʪʦʨʦʝ ʦʪʢʨʳʚʘʝʪʩʷ ʧʨʠ 

ʥʘʞʘʪʠʠ ʥʘ ʩʦʦʪʚʝʪʩʪʚʫʶʱʫʶ ʢʥʦʧʢʫ. ɺ ʤʝʥʶ ʤʦʞʥʦ ʩʢʘʯʘʪʴ ʜʠʩʩʝʨʪʘʮʠʶ, ʩʢʘʯʘʪʴ 

ʘʚʪʦʨʝʬʝʨʘʪ ʠʣʠ ʥʘʟʥʘʯʠʪʴ ʵʢʩʧʝʨʪʘ. ʀʥʪʝʨʬʝʡʩ ʩʪʨʘʥʠʮʳ ʩ ʦʪʢʨʳʪʳʤ ʚʩʧʦʤʦʛʘʪʝʣʴʥʳʤ 

ʤʝʥʶ ʧʨʝʜʩʪʘʚʣʝʥ ʥʘ ʨʠʩ. 1. 
 

 
ʈʠʩ.1. ʉʪʨʘʥʠʮʘ ʩʦ ʩʧʠʩʢʦʤ ʜʠʩʩʝʨʪʘʮʠʡ ʠ ʦʪʢʨʳʪʳʤ ʚʩʧʦʤʦʛʘʪʝʣʴʥʳʤ ʤʝʥʶ 

 

ʇʨʠ ʚʳʙʦʨʝ ʦʧʮʠʠ "ʅʘʟʥʘʯʠʪʴ ʵʢʩʧʝʨʪʘ" ʦʪʢʨʳʚʘʝʪʩʷ ʤʦʜʘʣʴʥʦʝ ʦʢʥʦ, ʛʜʝ 

ʇʨʝʜʩʝʜʘʪʝʣʴ ʤʦʞʝʪ ʚʳʙʨʘʪʴ ʵʢʩʧʝʨʪʘ ʜʣʷ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʠ. ɿʘʢʣʶʯʠʪʝʣʴʥʳʤ ʵʪʘʧʦʤ 

ʵʢʩʧʝʨʪʠʟʳ ʷʚʣʷʝʪʩʷ ʧʦʜʛʦʪʦʚʢʘ ʟʘʢʣʶʯʝʥʠʷ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʠ. ʅʘ ʩʪʨʘʥʠʮʝ ʜʦʩʪʫʧʥʳ 

ʧʦʣʷ ʜʣʷ ʚʚʦʜʘ ʦʮʝʥʦʢ ʧʦ ʢʨʠʪʝʨʠʷʤ, ʘ ʪʘʢʞʝ ʢʥʦʧʢʠ ʜʣʷ ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʜʝʡʩʪʚʠʡ: 

ʛʝʥʝʨʘʮʠʷ ʬʘʡʣʘ ʵʢʩʧʝʨʪʥʦʛʦ ʟʘʢʣʶʯʝʥʠʷ, ʘʥʘʣʠʟ ʙʠʙʣʠʦʛʨʘʬʠʠ ʘʚʪʦʨʝʬʝʨʘʪʘ ʠ ʘʥʘʣʠʟ 

ʙʠʙʣʠʦʛʨʘʬʠʠ ʜʠʩʩʝʨʪʘʮʠʠ. ʀʥʪʝʨʬʝʡʩ ʩʪʨʘʥʠʮʳ ʧʨʝʜʩʪʘʚʣʝʥ ʥʘ ʨʠʩ. 2. ʈʘʟʨʘʙʦʪʘʥʥʘʷ 

ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʘʷ ʩʠʩʪʝʤʘ ʧʦ ʧʦʟʚʦʣʠʪ ʧʨʦʚʝʩʪʠ ʚʩʝ ʥʝʦʙʭʦʜʠʤʳʝ ʦʧʝʨʘʮʠʠ 
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ʵʢʩʧʝʨʪʠʟʳ ʜʠʩʩʝʨʪʘʮʠʠ. ʈʝʘʣʠʟʘʮʠʷ ʜʘʥʥʦʡ ʩʠʩʪʝʤʳ ʧʦʟʚʦʣʠʪ ʜʦʩʪʠʞʝʥʠʝ ʩʣʝʜʫʶʱʠʭ 

ʨʝʟʫʣʴʪʘʪʦʚ. 
 

 
ʈʠʩ. 2. ʌʦʨʤʘ ʟʘʢʣʶʯʝʥʠʷ ʜʠʩʩʝʨʪʘʮʠʠ 

 

Å ɸʚʪʦʤʘʪʠʟʘʮʠʷ ʨʫʪʠʥʥʳʭ ʧʨʦʮʝʩʩʦʚ: ʩʥʠʞʝʥʠʝ ʥʘʛʨʫʟʢʠ ʥʘ ʵʢʩʧʝʨʪʦʚ ʟʘ ʩʯʝʪ 

ʘʚʪʦʤʘʪʠʯʝʩʢʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ, ʧʦʣʫʯʝʥʥʳʭ ʠʟ ʩʠʩʪʝʤʳ ʅɸʂ. 

Å ʇʦʚʳʰʝʥʠʝ ʦʙʲʝʢʪʠʚʥʦʩʪʠ: ʤʠʥʠʤʠʟʘʮʠʷ ʩʫʙʲʝʢʪʠʚʥʳʭ ʬʘʢʪʦʨʦʚ ʙʣʘʛʦʜʘʨʷ 

ʬʦʨʤʘʣʠʟʦʚʘʥʥʳʤ ʢʨʠʪʝʨʠʷʤ. 

Å ʋʩʢʦʨʝʥʠʝ ʧʨʦʮʝʩʩʘ ʵʢʩʧʝʨʪʠʟʳ: ʩʦʢʨʘʱʝʥʠʝ ʚʨʝʤʝʥʠ ʥʘ ʦʙʨʘʙʦʪʢʫ ʤʘʪʝʨʠʘʣʦʚ ʠ 
ʧʦʜʛʦʪʦʚʢʫ ʟʘʢʣʶʯʝʥʠʡ. 

Å ʇʨʦʟʨʘʯʥʦʩʪʴ: ʚʦʟʤʦʞʥʦʩʪʴ ʦʪʩʣʝʞʠʚʘʥʠʷ ʚʩʝʭ ʵʪʘʧʦʚ ʵʢʩʧʝʨʪʠʟʳ, ʯʪʦ ʠʩʢʣʶʯʘʝʪ 

ʢʦʥʬʣʠʢʪ ʠʥʪʝʨʝʩʦʚ ʠ ʧʦʚʳʰʘʝʪ ʜʦʚʝʨʠʝ ʢ ʧʨʦʮʝʩʩʫ. 

Å ɸʥʘʣʠʪʠʯʝʩʢʠʝ ʚʦʟʤʦʞʥʦʩʪʠ: ʩʙʦʨ ʠ ʘʥʘʣʠʟ ʜʘʥʥʳʭ ʦ ʢʘʯʝʩʪʚʝ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ 

ʨʘʙʦʪ ʜʣʷ ʜʘʣʴʥʝʡʰʝʛʦ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʥʠʷ ʩʠʩʪʝʤʳ ʧʦʜʛʦʪʦʚʢʠ ʥʘʫʯʥʳʭ ʢʘʜʨʦʚ. 

Å ʄʠʥʠʤʠʟʘʮʠʷ ʙʫʤʘʞʥʳʭ ʜʦʢʫʤʝʥʪʦʚ: ʧʝʨʝʭʦʜ ʥʘ ʵʣʝʢʪʨʦʥʥʳʡ ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪ 
ʧʦʟʚʦʣʷʝʪ ʩʦʢʨʘʪʠʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʙʫʤʘʞʥʳʭ ʥʦʩʠʪʝʣʝʡ ʠ ʫʧʨʦʩʪʠʪʴ ʜʦʩʪʫʧ ʢ ʤʘʪʝʨʠʘʣʘʤ. 

Å ʀʩʢʣʶʯʝʥʠʝ ʢʦʥʬʣʠʢʪʦʚ ʠʥʪʝʨʝʩʦʚ: ʩʠʩʪʝʤʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʘʥʦʥʠʤʥʦʩʪʴ ʦʮʝʥʦʢ, 

ʩʢʨʳʚʘʷ ʠʥʬʦʨʤʘʮʠʶ ʦ ʪʦʤ, ʢʘʢʦʡ ʵʢʩʧʝʨʪ ʚʳʩʪʘʚʠʣ ʪʝ ʠʣʠ ʠʥʳʝ ʙʘʣʣʳ. 

ɺʳʚʦʜʳ. ʅʘ ʦʩʥʦʚʝ ʘʥʘʣʠʟʘ ʩʦʚʨʝʤʝʥʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ 

ʜʠʩʩʝʨʪʘʮʠʡ, ʢʦʪʦʨʦʡ ʭʘʨʘʢʪʝʨʥʳ ʨʫʯʥʦʡ ʪʨʫʜ ʠ ʩʣʘʙʘʷ ʬʦʨʤʘʣʠʟʘʮʠʷ ʟʘʢʣʶʯʝʥʠʷ ʫʨʦʚʥʝʡ 

ʨʝʟʫʣʴʪʘʪʦʚ ʠʩʩʣʝʜʦʚʘʥʠʷ ʨʘʟʨʘʙʦʪʘʥ ʠ ʧʨʝʜʣʦʞʝʥ ʬʦʨʤʘʪ ʦʧʠʩʘʥʠʷ ʘʢʪʫʘʣʠʟʘʮʠʠ 

ʢʨʠʪʝʨʠʝʚ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ. ʈʘʟʨʘʙʦʪʘʥʳ ʢʦʥʮʝʧʪʫʘʣʴʥʳʝ ʦʩʥʦʚʳ ʧʦ 

ʩʦʜʝʨʞʘʪʝʣʴʥʦ-ʤʝʪʦʜʦʣʦʛʠʯʝʩʢʠʤ ʪʨʝʙʦʚʘʥʠʷʤ ʧʦʜʛʦʪʦʚʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ ʠ ʠʭ 

ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ. ʇʨʝʜʣʦʞʝʥ ʘʧʧʘʨʘʪ ʤʝʪʦʜʦʣʦʛʠʠ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ 

ʨʘʙʦʪ ʥʘ ʦʩʥʦʚʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ, ʬʦʨʤʠʨʫʶʱʘʷ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʧʨʦʮʝʩʩʦʚ, 

ʪʨʝʙʫʝʤʳʝ ʨʝʛʣʘʤʝʥʪʳ ʧʨʦʮʝʜʫʨ ʨʘʙʦʪ ʠ ʪʨʝʙʦʚʘʥʠʷ ʢʨʠʪʝʨʠʘʣʴʥʦʡ ʙʘʟʳ ʢʘʢ ʧʦ 

ʩʦʜʝʨʞʘʥʠʶ ʜʠʩʩʝʨʪʘʮʠʡ, ʪʘʢ ʠ ʧʦ ʠʭ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʝ. ʈʘʟʨʘʙʦʪʘʥʳ ʤʝʪʦʜʠʢʘ 

ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʠ ʤʦʜʝʣʴ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ(ʀɸʉ) 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʡ. ʇʝʨʩʧʝʢʪʠʚʳ ʨʘʟʚʠʪʠʷ ɸʀʉ 

ʚʢʣʶʯʘʶʪ ʚʥʝʜʨʝʥʠʝ ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʬʫʥʢʮʠʡ, ʪʘʢʠʭ ʢʘʢ ʘʚʪʦʤʘʪʠʯʝʩʢʦʝ ʨʘʩʧʨʝʜʝʣʝʥʠʝ 

ʜʠʩʩʝʨʪʘʮʠʡ ʤʝʞʜʫ ʵʢʩʧʝʨʪʘʤʠ, ʠʥʪʝʛʨʘʮʠʷ ʩ ʜʨʫʛʠʤʠ ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʤʠ ʩʠʩʪʝʤʘʤʠ ʜʣʷ 

ʦʙʤʝʥʘ ʜʘʥʥʳʤʠ, ʨʘʩʰʠʨʝʥʠʝ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʨʘʩʩʤʦʪʨʝʥʠʡ ʠ ʬʦʨʤʘʣʠʟʘʮʠʠ ʜʘʥʥʳʭ 

ʜʠʩʩʝʨʪʘʮʠʠ. ʈʝʟʫʣʴʪʘʪʳ ʨʘʙʦʪʳ ʠʤʝʝʪ ʧʨʠʢʣʘʜʥʦʡ ʭʘʨʘʢʪʝʨ, ʨʝʘʣʠʟʘʮʠʷ ʢʦʪʦʨʳʭ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʧʨʦʟʨʘʯʥʦʩʪʴ, ʥʝʟʘʚʠʩʠʤʦʩʪʴ ʨʘʩʩʤʦʪʨʝʥʠʷ, ʫʩʢʦʨʝʥʠʝ ʩʨʦʢʦʚ ʠ ʧʦʚʳʰʝʥʠʝ 
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ʢʘʯʝʩʪʚʘ ʵʢʩʧʝʨʪʠʟʳ, ʘ ʪʘʢʞʝ ʩʦʢʨʘʱʝʥʠʝ ʘʜʤʠʥʠʩʪʨʘʪʠʚʥʳʭ ʠ ʪʨʫʜʦʚʳʭ ʠʟʜʝʨʞʝʢ ʧʨʠ 

ʦʨʛʘʥʠʟʘʮʠʠ ʠ ʫʧʨʘʚʣʝʥʠʠ ʵʢʩʧʝʨʪʥʦʡ ʦʮʝʥʢʠ ʜʠʩʩʝʨʪʘʮʠʦʥʥʳʭ ʨʘʙʦʪ. 
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ʀʅʌʆʈʄɸʎʀʆʅʅɸʗ ʉʀʉʊɽʄɸ ʋʇʈɸɺʃɽʅʀʗ ɺʋɿʆʄ 

 

ʋʩʝʥʢʘʥʦʚ ɼʞ.ʆ., ʐʘʤʰʠʝʚ ɸ.ɹ., ɹʫʟʫʨʤʘʥʢʫʣʦʚʘ ɻ.ʐ., ɹʘʢʠʨʦʚʘ ʅ.ʄ. 

ʂʳʨʛʳʟʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ɾ. ɹʘʣʘʩʘʛʫʥʘ 

ɸʥʥʦʪʘʮʠʷ. ɺ ʨʘʙʦʪʝ ʨʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʚʦʟʤʦʞʥʦʩʪʠ ʠʩʧʦʣʴʟʦʚʘʥʠʷ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ (ɸʉʋ) ʩ ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ, ʢʦʪʦʨʳʝ ʰʠʨʦʢʦ 

ʠʩʧʦʣʴʟʫʶʪʩʷ ʜʣʷ ʫʧʨʘʚʣʝʥʠʷ ʚ ʪʝʭʥʠʯʝʩʢʠʭ ʩʠʩʪʝʤʘʭ, ʜʣʷ ʩʣʦʞʥʳʭ ʩʦʮʠʘʣʴʥʳʭ ʦʙʲʝʢʪʦʚ. 

ʈʘʟʨʘʙʦʪʘʥʘ ʦʩʥʦʚʥʘʷ ʩʭʝʤʘ ʨʘʙʦʪʳ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʩʠʩʪʝʤʳ ʩ ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ ʜʣʷ 

ʩʦʮʠʘʣʴʥʦʛʦ ʦʙʲʝʢʪʘ (ɺʋɿʘ). ʇʨʝʜʣʦʞʝʥʘ ʤʦʜʝʣʴ ʩ ʙʦʣʴʰʠʤ ʢʦʣʠʯʝʩʪʚʦʤ ʧʘʨʘʤʝʪʨʦʚ ʦʙʨʘʪʥʦʡ 

ʩʚʷʟʠ.ʇʨʝʜʣʦʞʝʥʦ ʨʘʩʰʠʨʝʥʠʝ ʧʦʥʷʪʠʷ ʦʙʲʝʢʪʦʚ ʫʧʨʘʚʣʝʥʠʷ ʠ ʦʙʦʩʥʦʚʘʥʦ ʝʛʦ ʤʥʦʞʝʩʪʚʝʥʥʦʩʪʴ 

ʚ ʨʘʤʢʘʭ ʦʜʥʦʛʦ ʛʣʦʙʘʣʴʥʦʛʦ ʦʙʲʝʢʪʘ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʘʷ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ (ɸʉʋ), ʠʥʬʦʨʤʘʮʠʦʥʥʘʷ 

ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ (ʀʉʋ), ʦʙʨʘʪʥʘʷ ʩʚʷʟʴ, ʟʘʜʘʶʱʝʝ ʫʩʪʨʦʡʩʪʚʦ, ʩʨʘʚʥʠʚʘʶʱʝʝ ʫʩʪʨʦʡʩʪʚʦ, 

ʨʝʛʫʣʷʪʦʨ, ʠʩʧʦʣʥʠʪʝʣʴʥʳʡ ʤʝʭʘʥʠʟʤ, ʦʙʲʝʢʪ ʫʧʨʘʚʣʝʥʠʷ, ʜʘʪʯʠʢ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. 

 

ɺʚʝʜʝʥʠʝ. ʉʦʚʨʝʤʝʥʥʦʝ ʚʳʩʰʝʝ ʫʯʝʙʥʦʝ ʟʘʚʝʜʝʥʠʝ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʜʦʩʪʘʪʦʯʥʦ 

ʩʣʦʞʥʫʶ ʩʠʩʪʝʤʫ, ʢʦʪʦʨʘʷ ʦʙʣʘʜʘʝʪ ʩʣʝʜʫʶʱʠʤʠ ʦʩʦʙʝʥʥʦʩʪʷʤʠ: 

ṉ ʩʫʱʝʩʪʚʝʥʥʦʝ ʧʨʝʦʙʣʘʜʘʥʠʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʧʨʦʮʝʩʩʦʚ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʜʨʫʛʠʤʠ ʚʠʜʘʤʠ ʜʝʷʪʝʣʴʥʦʩʪʠ, ʧʦʩʢʦʣʴʢʫ ʟʥʘʯʠʪʝʣʴʥʫʶ ʯʘʩʪʴ ʧʨʝʜʤʝʪʘ ʜʝʷʪʝʣʴʥʦʩʪʠ, 

ʩʨʝʜʩʪʚ ʜʝʷʪʝʣʴʥʦʩʪʠ ʠ ʢʦʥʝʯʥʳʭ ʧʨʦʜʫʢʪʦʚ ʜʝʷʪʝʣʴʥʦʩʪʠ ʚ ʵʪʦʡ ʩʠʩʪʝʤʝ ʩʦʩʪʘʚʣʷʝʪ 

ʠʥʬʦʨʤʘʮʠʷ; 

ṉ ʧʨʝʦʙʣʘʜʘʥʠʝ ʯʝʣʦʚʝʯʝʩʢʦʛʦ ʬʘʢʪʦʨʘ ï ʚ ʫʯʝʙʥʦʤ ʧʨʦʮʝʩʩʝ ʯʝʣʦʚʝʢ (ʩʪʫʜʝʥʪ) 

ʷʚʣʷʝʪʩʷ ʦʩʥʦʚʥʳʤ ʧʨʝʜʤʝʪʦʤ ʜʝʷʪʝʣʴʥʦʩʪʠ, ʯʝʣʦʚʝʢ (ʧʨʝʧʦʜʘʚʘʪʝʣʴ) ʷʚʣʷʝʪʩʷ ʩʫʙʲʝʢʪʦʤ ʠ 

ʦʩʥʦʚʥʳʤ ʩʨʝʜʩʪʚʦʤ ʜʝʷʪʝʣʴʥʦʩʪʠ, ʯʝʣʦʚʝʢ (ʧʦʜʛʦʪʦʚʣʝʥʥʳʡ ʩʧʝʮʠʘʣʠʩʪ) ʷʚʣʷʝʪʩʷ ʪʘʢʞʝ 

ʦʩʥʦʚʥʳʤ ʢʦʥʝʯʥʳʤ ʧʨʦʜʫʢʪʦʤ ʜʝʷʪʝʣʴʥʦʩʪʠ. 

ʄʥʦʛʠʝ ʩʪʦʨʦʥʳ ʜʝʷʪʝʣʴʥʦʩʪʠ ʫʯʝʙʥʳʭ ʟʘʚʝʜʝʥʠʡ ʜʦʣʞʥʳ ʫʜʦʚʣʝʪʚʦʨʷʪʴ ʦʩʥʦʚʥʳʤ 

ʪʨʝʙʦʚʘʥʠʷʤ ʠ ʩʪʘʥʜʘʨʪʘʤ, ʧʨʝʜʲʷʚʣʷʝʤʳʭ ʢ ʥʠʤ ʩʦ ʩʪʦʨʦʥʳ ʛʦʩʫʜʘʨʩʪʚʘ, ʪ.ʝ. ʦʙʣʘʜʘʪʴ ʚ 

ʵʪʦʤ ʩʤʳʩʣʝ ʩʪʘʙʠʣʴʥʦʩʪʴʶ. ɺ ʪʦ ʞʝ ʚʨʝʤʷ ʫʯʝʙʥʳʝ ʟʘʚʝʜʝʥʠʷ ʜʦʣʞʥʳ, ʜʦʩʪʘʪʦʯʥʦ ʙʳʩʪʨʦ, 

ʫʤʝʪʴ ʨʝʘʛʠʨʦʚʘʪʴ ʥʘ ʠʟʤʝʥʷʶʱʠʝʩʷ ʪʨʝʙʦʚʘʥʠʷ ʩʦʚʨʝʤʝʥʥʦʛʦ ʨʳʥʢʘ, ʪ.ʝ. ʦʙʣʘʜʘʪʴ 

ʜʦʩʪʘʪʦʯʥʦʡ ʜʠʥʘʤʠʯʥʦʩʪʴʶ. ʉʦʚʨʝʤʝʥʥʘʷ ʩʠʩʪʝʤʘ ʦʙʨʘʟʦʚʘʥʠʷ ʤʦʞʝʪ ʩʫʱʝʩʪʚʦʚʘʪʴ, 

ʬʫʥʢʮʠʦʥʠʨʦʚʘʪʴ ʠ ʪʝʤ ʙʦʣʝʝ ʨʘʟʚʠʚʘʪʴʩʷ ʧʨʠ ʦʜʥʦʤ ʦʯʝʥʴ ʚʘʞʥʦʤ ʫʩʣʦʚʠʠ - ʝʩʣʠ ʚʩʝ ʝʝ 

ʧʦʜʨʘʟʜʝʣʝʥʠʷ (ʧʦʜʩʠʩʪʝʤʳ) ʙʫʜʫʪ ʨʘʙʦʪʘʪʴ ʩʣʘʞʝʥʥʦ ʠ ʚʟʘʠʤʦʩʚʷʟʘʥʦ, ʯʪʦ ʥʘʟʳʚʘʝʪʩʷ ʚ 

ʦʧʪʠʤʘʣʴʥʦʤ ʨʝʞʠʤʝ. ʊʘʢʦʡ ʨʝʞʠʤ ʤʦʞʥʦ ʦʙʝʩʧʝʯʠʪʴ ʯʝʨʝʟ ʩʦʟʜʘʥʠʝ ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʡ 

ʩʠʩʪʝʤʳ ʫʧʨʘʚʣʝʥʠʷ, ʠʩʧʦʣʴʟʫʷ ʚʩʝ ʝʛʦ ʧʝʨʝʜʦʚʳʝ ʪʝʭʥʦʣʦʛʠʠ, ʧʨʠʥʮʠʧʳ, ʬʫʥʢʮʠʠ, 

ʤʝʪʦʜʳ; ʦʨʛʘʥʠʟʘʮʠʦʥʥʳʝ, ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʬʘʢʪʦʨʳ ʠ ʠʥʳʝ ʢʦʤʧʦʥʝʥʪʳ. 

ɸʉʋ ʚ ʪʝʭʥʠʯʝʩʢʠʭ ʩʠʩʪʝʤʘʭ. ɸʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʘʷ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ, ʚ ʢʦʪʦʨʦʡ 

ʧʨʦʮʝʩʩʳ ʢʦʥʪʨʦʣʷ ʠ ʫʧʨʘʚʣʝʥʠʷ ʦʙʲʝʢʪʦʤ ʚʦʟʣʦʞʝʥʳ ʥʘ ʪʝʭʥʠʯʝʩʢʠʝ ʫʩʪʨʦʡʩʪʚʘ 

(ʢʦʥʪʨʦʣʣʝʨʳ, ʜʘʪʯʠʢʠ) ʠ ʯʝʣʦʚʝʢʘ. ɺʘʞʥʝʡʰʝʝ ʧʦʥʷʪʠʝ ʪʘʢʦʡ ʩʠʩʪʝʤʳ - ʦʙʨʘʪʥʘʷ ʩʚʷʟʴ. 

ʆʥʘ ʜʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʧʦʣʫʯʘʪʴ ʠʥʬʦʨʤʘʮʠʶ ʦ ʜʠʥʘʤʠʯʝʩʢʦʤ ʩʦʩʪʦʷʥʠʠ ʦʙʲʝʢʪʘ ʠ 

ʠʩʧʦʣʴʟʦʚʘʪʴ ʝʝ ʜʣʷ ʫʧʨʘʚʣʷʶʱʝʛʦ ʚʦʟʜʝʡʩʪʚʠʷ. ʊʠʧʦʚʘʷ ʩʭʝʤʘ ʨʘʙʦʪʳ ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ 

ʩʣʝʜʫʶʱʝʤ ʮʠʢʣʝ: ʟʘʜʘʥʠʝ Ÿ ʩʨʘʚʥʝʥʠʝ Ÿ ʨʝʛʫʣʷʪʦʨ Ÿ ʠʩʧʦʣʥʠʪʝʣʴʥʳʡ ʤʝʭʘʥʠʟʤ Ÿ 

ʦʙʲʝʢʪ ʫʧʨʘʚʣʝʥʠʷ Ÿ ʜʘʪʯʠʢŸ ʦʙʨʘʪʥʘʷ ʩʚʷʟʴ Ÿ ʩʨʘʚʥʝʥʠʝ. 

ʈʘʙʦʪʘ ʩʠʩʪʝʤʳ ʦʩʥʦʚʘʥʘ ʥʘ ʥʝʧʨʝʨʳʚʥʦʤ ʩʨʘʚʥʝʥʠʠ ʬʘʢʪʠʯʝʩʢʦʛʦ ʟʥʘʯʝʥʠʷ 

ʨʝʛʫʣʠʨʫʝʤʦʛʦ ʧʘʨʘʤʝʪʨʘ ʩ ʟʘʜʘʥʥʳʤ ʟʥʘʯʝʥʠʝʤ. 

ʇʫʩʪʴ: 

Å xʟʘʜ - ʟʘʜʘʥʥʦʝ ʟʥʘʯʝʥʠʝ; 

Å xʠʟʤ - ʠʟʤʝʨʝʥʥʦʝ ʟʥʘʯʝʥʠʝ. 

ʆʰʠʙʢʘ ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʦʧʨʝʜʝʣʷʝʪʩʷ ʢʘʢ: 
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e ( t )=xʟʘʜ ( t )x̨ʠʟʤ ( t ) 

ɽʩʣʠ ʦʰʠʙʢʘ e ( t ) ʦʪʣʠʯʘʝʪʩʷ ʦʪ ʥʫʣʷ, ʨʝʛʫʣʷʪʦʨ ʬʦʨʤʠʨʫʝʪ ʫʧʨʘʚʣʷʶʱʝʝ 

ʚʦʟʜʝʡʩʪʚʠʝ, ʢʦʪʦʨʦʝ ʩʪʨʝʤʠʪʩʷ ʫʤʝʥʴʰʠʪʴ ʵʪʫ ʦʰʠʙʢʫ. 

ʄʘʪʝʤʘʪʠʯʝʩʢʦʝ ʦʧʠʩʘʥʠʝ. ɼʣʷ ʣʠʥʝʡʥʦʡ ʩʠʩʪʝʤʳ ʧʝʨʝʜʘʪʦʯʥʘʷ ʬʫʥʢʮʠʷ 

ʟʘʤʢʥʫʪʦʡ ʩʠʩʪʝʤʳ ʠʤʝʝʪ ʚʠʜ: 

W ( s )=
 G ( s )  

, 

1+G ( s ) H ( s ) 

ʛʜʝ G ( s ) - ʧʝʨʝʜʘʪʦʯʥʘʷ ʬʫʥʢʮʠʷ ʧʨʷʤʦʛʦ ʢʘʥʘʣʘ; H ( s ) - ʧʝʨʝʜʘʪʦʯʥʘʷ ʬʫʥʢʮʠʷ ʮʝʧʠ 

ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. ʇʨʠ ʝʜʠʥʠʯʥʦʡ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ H ( s )=1 : 

W ( s )=
 G ( s )  

, 

1+G ( s ) 

ʀʟ ʧʦʩʣʝʜʥʝʛʦ ʚʳʨʘʞʝʥʠʝ ʚʠʜʥʦ, ʯʪʦ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʟʘʤʢʥʫʪʦʡ ʩʠʩʪʝʤʳ ʩʫʱʝʩʪʚʝʥʥʦ 

ʟʘʚʠʩʷʪ ʦʪ ʧʘʨʘʤʝʪʨʦʚ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ 

 

ʀʩʧʦʣʴʟʦʚʘʥʠʷ ɸʉʋ ʩ ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ ʜʣʷ ɺʋɿʘ. ʅʘ ʦʩʥʦʚʝ ʧʨʠʚʝʜʝʥʥʦʛʦ ʚʳʰʝ 

ʧʨʝʜʣʘʛʘʝʪʩʷ ʩʣʝʜʫʶʱʘʷ ʧʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʠ: 

-  ʨʘʩʰʠʨʠʪʴ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤ ʩ ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ ʜʣʷ 

ʩʦʮʠʘʣʴʥʦʛʦ ʦʙʲʝʢʪʘ (ɺʋɿʘ); 

-  ʚ ʩʚʷʟʠ ʩ ʤʥʦʛʦʛʨʘʥʥʦʩʪʴʶ ʜʝʷʪʝʣʴʥʦʩʪʠ ʚʫʟʘ ʫʚʝʣʠʯʠʪʴ ʢʦʣʠʯʝʩʪʚʦ 

ʧʘʨʘʤʝʪʨʦʚ ʜʣʷ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ (H ( s )); 
-  ʝʩʪʝʩʪʚʝʥʥʦ, ʫʚʝʣʠʯʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ, ʧʨʠʚʝʜʝʪ ʢ ʫʚʝʣʠʯʝʥʠʶ 

ʦʙʲʝʢʪʦʚ ʫʧʨʘʚʣʝʥʠʷ (ʚ ʜʘʥʥʦʤ ʩʣʫʯʘʝ ʧʦʜ ʦʙʲʝʢʪʦʤ ʫʧʨʘʚʣʝʥʠʷ ʧʦʥʠʤʘʝʪʩʷ ʨʘʟʥʳʝ 

ʩʪʦʨʦʥʳ ʜʝʷʪʝʣʴʥʦʩʪʠ ɺʋɿʘ); 

-  ʧʦʷʚʣʷʝʪʩʷ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚ ʢʦʨʨʝʣʷʮʠʠ ʠ ʚʟʘʠʤʦʩʚʷʟʠ ʢʘʢ ʧʘʨʘʤʝʪʨʦʚ 

ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ, ʪʘʢ ʠ ʦʙʲʝʢʪʦʚ ʫʧʨʘʚʣʝʥʠʷ; 

ɺ ʦʙʱʝʤ ʩʣʫʯʘʝ ʘʣʛʦʨʠʪʤ ʨʘʙʦʪʳ ʩʠʩʪʝʤʳ ʧʨʝʜʩʪʘʚʣʝʥʘ ʚ ʚʠʜʝ ʩʣʝʜʫʶʱʝʡ ʩʭʝʤʳ. 

ʀʩʭʦʜʥʳʝ ʜʘʥʥʳʝ ʧʦ ɺʋɿʫ ʬʦʨʤʠʨʫʶʪʩʷ ʚ ʚʠʜʝ ʙʘʟʳ ʜʘʥʥʳʭ ʠ ʤʦʛʫʪ ʙʳʪʴ ʧʨʝʜʩʪʘʚʣʝʥʳ 

ʢʘʢ ʧʦʜʩʠʩʪʝʤʳ. ɼʘʣʝʝ, ɻ ʪʠ ʜʘʥʥʳʝ ʧʨʦʭʦʜʷʪ ʘʥʘʣʠʟ ʠ ʨʘʩʯʝʪʳ ʥʘ ʩʦʦʪʚʝʪʩʪʚʠʝ ʪʨʝʙʦʚʘʥʠʷʤ 

ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʭ ʩʪʘʥʜʘʨʪʦʚ ʠ ʚʥʝʰʥʠʤ ʪʨʝʙʦʚʘʥʠʷʤ (ʪʨʝʙʦʚʘʥʠʷʤ ʨʳʥʢʘ, ʟʘʢʘʟʯʠʢʘ ʠ ʜʨ.). 

ɺ ʵʪʦʤ ʙʣʦʢʝ ʥʘʠʙʦʣʝʝ ʧʝʨʩʧʝʢʪʠʚʥʳʤ ʧʨʝʜʩʪʘʚʣʷʝʪʩʷ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ 

ʠʥʪʝʣʝʢʪʘ. ʈʝʟʫʣʴʪʘʪʳ ʧʦʩʪʫʧʘʶʪ ʢ ʨʫʢʦʚʦʜʩʪʚʫ ɺʋɿʘ ʚ ʚʠʜʝ ʧʨʝʜʣʦʞʝʥʠʡ ʜʣʷ ʧʨʠʥʷʪʠʷ 

ʥʝʦʙʭʦʜʠʤʳʭ ʨʝʰʝʥʠʡ. ʇʨʠʥʷʪʳʝ ʨʫʢʦʚʦʜʩʪʚʦʤ ʨʝʰʝʥʠʷ ʚ ʚʠʜʝ ʧʨʠʢʘʟʦʚ, ʧʦʩʪʘʥʦʚʣʝʥʠʡ 

ʠ ʪ. ʜ. ʦʢʘʟʳʚʘʶʪ ʜʝʡʩʪʚʠʝ ʥʘ ɺʋɿ. ɺ ʠʜʝʘʣʴʥʦʤ ʩʣʫʯʘʝ ʚ ʦʙʲʝʢʪʝ (ɺʋɿʝ) ʧʨʦʠʩʭʦʜʷʪ 

ʧʦʣʦʞʠʪʝʣʴʥʳʝ ʠʟʤʝʥʝʥʠʷ. ʈʝʟʫʣʴʪʘʪʳ ʠʟʤʝʥʝʥʠʡ ʦʪʦʙʨʘʞʘʶʪʩʷ ʚ ʠʩʭʦʜʥʳʭ ʜʘʥʥʳʭ ʧʦ 

ɺʋɿʫ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʠʜʝʪ ʥʝʧʨʝʨʳʚʥʳʡ ʢʨʫʛʦʚʦʡ ʧʨʦʮʝʩʩ, ʚ ʢʦʪʦʨʦʤ ʥʘ ʢʘʞʜʦʤ ʮʠʢʣʝ 

ʜʝʷʪʝʣʴʥʦʩʪʴ ɺʋɿʘ ʙʫʜʝʪ ʫʯʠʪʳʚʘʪʴʩʷ ʠʟʤʝʥʝʥʠʷ ʚʥʝʰʥʝʡ ʩʨʝʜʳ (ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʝ 

ʩʪʘʥʜʘʨʪʳ ʠ ʜʨʫʛʠʝ ʪʨʝʙʦʚʘʥʠʷʤ). ʈʫʢʦʚʦʜʠʪʝʣʠ ɺʋɿʘ ʙʫʜʝʪ ʦʙʣʘʜʘʪʴ ʜʦʩʪʘʪʦʯʥʦ ʙʦʣʴʰʦʡ 

çʦʧʝʨʘʪʠʚʥʦʡ ʧʘʤʷʪʴʶè, ʯʪʦʙʳ ʧʨʠ ʨʝʰʝʥʠʠ ʢʘʢʦʛʦ- ʣʠʙʦ ʚʦʧʨʦʩʘ ʫʯʝʩʪʴ ʜʦʩʪʘʪʦʯʥʦ 

ʢʦʨʨʝʢʪʥʦ ʚʩʝ ʩʣʝʜʩʪʚʠʷ. 
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ɼʣʷ ʙʦʣʴʰʝʡ ʢʨʘʪʢʦʩʪʠ ʠ ʫʜʦʙʩʪʚʘ ʚ ʜʘʣʴʥʝʡʰʝʤ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʫʶ ʩʠʩʪʝʤʫ ʩ 

ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ ʜʣʷ ʢʦʥʪʨʦʣʷ ʠ ʫʧʨʘʚʣʝʥʠʷ ʜʝʷʪʝʣʴʥʦʩʪʴʶ ʚʫʟʘ ʤʳ ʙʫʜʝʤ ʥʘʟʳʚʘʪʴ ʀʉʋ 

(ʠʥʬʦʨʤʘʮʠʦʥʥʘʷ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ) ɺʋɿ. 

ʅʘ ʧʝʨʚʦʤ ɻ ʪʘʧʝ ʨʘʟʨʘʙʦʪʢʠ ʚ ʩʪʨʫʢʪʫʨʘ ʀʉʋ ɺʋɿ ʤ  rʚʢʣʶʯʠʣʠ ʨʷʜ 

ʚʟʘʠʤʦʩʚʷʟʘʥʥʳʭ ʧʦʜʩʠʩʪʝʤ: 
ṉ ʫʯʝʙʥʳʡ ʧʨʦʮʝʩʩ ʠ ʫʯʝʙʥʦ-ʤʝʪʦʜʠʯʝʩʢʘʷ ʨʘʙʦʪʘ; 

ṉ ʬʠʥʘʥʩʦʚʘʷ ʠ ʭʦʟʷʡʩʪʚʝʥʥʘʷ ʜʝʷʪʝʣʴʥʦʩʪʴ; 

ṉ ʥʘʫʢʘ ʠ ʆʂʈ; 

ṉ ʢʘʜʨʳ; 

ṉ ʩʪʫʜʝʥʪ; 

ṉ ʘʙʠʪʫʨʠʝʥʪ. 

ʇʨʘʢʪʠʯʝʩʢʠ ʢʘʞʜʘʷ ʠʟ ʵʪʠʭ ʧʦʜʩʠʩʪʝʤ ʜʦʣʞʥʘ ʙʳʪʴ ʚʥʝʜʨʝʥʘ ʚ ʩʚʦʶ ʦʯʝʨʝʜʴ ʥʘ 

ʫʨʦʚʥʝ ʢʘʬʝʜʨ, ʜʝʢʘʥʘʪʦʚ ʠ ʨʝʢʪʦʨʘʪʘ, ʪ. ʝ. ʧʨʝʜʩʪʘʚʣʷʪʴ ʩʦʙʦʡ ʠʝʨʘʨʭʠʯʝʩʢʫʶ ʩʪʨʫʢʪʫʨʫ. 

ɺʩʝ ʧʦʜʩʠʩʪʝʤʳ ʚʢʣʶʯʘʶʪ ʚ ʩʝʙʷ ʙʘʟʳ ʜʘʥʥʳʭ (ʚ ʥʝʢʦʪʦʨʳʭ ʠʟ ʥʠʭ ʤʦʞʝʪ ʙʳʪʴ ʥʝʩʢʦʣʴʢʦ 

ʙʘʟ ʜʘʥʥʳʭ) ʠ ʠʤʝʶʪ ʩʦʦʪʚʝʪʩʪʚʝʥʥʦ ʨʘʟʥʳʡ ʫʨʦʚʝʥʴ ʜʦʩʪʫʧʘ - ʜʣʷ ʨʘʟʥʳʭ ʜʦʣʞʥʦʩʪʥʳʭ 

ʣʠʮ. ʀʟʣʦʞʝʥʥʳʝ ʩʦʦʙʨʘʞʝʥʠʷ ʦʭʚʘʪʳʚʘʶʪ ʧʨʦʙʣʝʤʫ ʚ ʦʙʱʝʤ, ʠ, ʢʘʢ ʤʥʝ ʧʨʝʜʩʪʘʚʣʷʝʪʩʷ, 

ʜʘʣʝʢʦ ʥʝ ʚ ʧʦʣʥʦʤ ʚʠʜʝ. ɼʘʣʴʥʝʡʰʝʝ ʫʪʦʯʥʝʥʠʝ ʩʪʨʫʢʪʫʨʳ ʠ ʩʦʜʝʨʞʘʥʠʷ, ʘ ʪʘʢʞʝ 

ʢʦʥʢʨʝʪʠʟʘʮʠʶ ʀʉʋ ɺʋɿ, ʧʨʦʠʩʭʦʜʠʪ ʧʨʠ ʫʯʘʩʪʠʠ ʠ ʦʙʩʫʞʜʝʥʠʠ ʢʘʞʜʦʡ ʧʦʜʩʠʩʪʝʤʳ ʩ 

ʧʨʝʜʩʪʘʚʠʪʝʣʷʤʠ ʩʦʦʪʚʝʪʩʪʚʫʶʱʠʭ ʩʪʨʫʢʪʫʨʥʳʭ ʧʦʜʨʘʟʜʝʣʝʥʠʡ. 

 

ɿʘʢʣʶʯʝʥʠʝ. ʅʘ ʦʩʥʦʚʝ ʘʥʘʣʠʟʘ ʠ ʩʦʩʪʦʷʥʠʷ ʠʩʩʣʝʜʦʚʘʥʠʡ ʚ ʦʙʣʘʩʪʠ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ ʜʣʷ ʪʝʭʥʠʯʝʩʢʠʭ ʩʠʩʪʝʤ. ʨʘʟʨʘʙʦʪʘʥʘ ʦʩʥʦʚʥʘʷ ʩʭʝʤʘ 

ʨʘʙʦʪʳ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʩʠʩʪʝʤʳ ʩ ʦʙʨʘʪʥʦʡ ʩʚʷʟʴʶ ʜʣʷ ʩʦʮʠʘʣʴʥʦʛʦ ʦʙʲʝʢʪʘ (ɺʋɿʘ). 

ʇʨʝʜʣʦʞʝʥʘ ʤʦʜʝʣʴ ʩ ʙʦʣʴʰʠʤ ʢʦʣʠʯʝʩʪʚʦʤ ʧʘʨʘʤʝʪʨʦʚ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. 

ʇʨʝʜʣʦʞʝʥʦ ʨʘʩʰʠʨʝʥʠʝ ʧʦʥʷʪʠʷ ʦʙʲʝʢʪʦʚ ʫʧʨʘʚʣʝʥʠʷ ʠ ʦʙʦʩʥʦʚʘʥʦ ʝʛʦ ʤʥʦʞʝʩʪʚʝʥʥʦʩʪʴ 

ʚ ʨʘʤʢʘʭ ʦʜʥʦʛʦ ʛʣʦʙʘʣʴʥʦʛʦ ʦʙʲʝʢʪʘ. ʆʙʦʩʥʦʚʘʥʦ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚ ʢʦʨʨʝʣʷʮʠʠ ʠ 

ʚʟʘʠʤʦʩʚʷʟʠ ʢʘʢ ʧʘʨʘʤʝʪʨʦʚ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ, ʪʘʢ ʠ ʦʙʲʝʢʪʦʚ ʫʧʨʘʚʣʝʥʠʷ. 

ʈʘʙʦʪʘ ʚʳʧʦʣʥʝʥʘ ʧʨʠ ʬʠʥʘʥʩʦʚʦʡ ʧʦʜʜʝʨʞʢʝ ʠ ʚ ʨʘʤʢʘʭ ʚʥʫʪʨʝʥʥʝʛʦ 

ʩʪʠʤʫʣʠʨʫʶʱʝʛʦ ʛʨʘʥʪʘ ʂʳʨʛʳʟʩʢʦʛʦ ʅʘʮʠʦʥʘʣʴʥʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤʝʥʠ ɾ.ɹʘʣʘʩʘʛʳʥʘ. 

ʀʩʭʦʜʥʳʝ 

ʜʘʥʥʳʝ ʧʦ 

ɺʋɿʫ 

ʇʦʜʩʠʩʪʝʤ 

ʳ ʠ ʙʘʟʳ 

ʜʘʥʥʳʭ 

ʈʝʟʫʣʴʪʘʪʳ 

ʨʘʩʯʝʪʦʚ ʠ 

ʘʥʘʣʠʟʘ 

ɺʋɿ ʈʫʢʦʚʦʜʩʪ 

ʚʦ ɺʋɿ 



51  

ʉʧʠʩʦʢ ʣʠʪʝʨʘʪʫʨʳ 

 

1. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ ʠ ʪʝʭʥʦʣʦʛʠʠ ʚ ʵʢʦʥʦʤʠʢʝ ʠ ʫʧʨʘʚʣʝʥʠʠ. ï ʄ.: ʖʨʘʡʪ, 

2021. 

2. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ. ï ʄ.: ʌʠʥʘʥʩʳ ʠ ʩʪʘʪʠʩʪʠʢʘ, 2009. 

3. ɹʘʟʳ ʜʘʥʥʳʭ: ʧʨʦʝʢʪʠʨʦʚʘʥʠʝ, ʨʝʘʣʠʟʘʮʠʷ ʠ ʩʦʧʨʦʚʦʞʜʝʥʠʝ. ï ʄ.: ɺʠʣʴʷʤʩ, 2017. 

4. ʉʦʚʨʝʤʝʥʥʳʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ. ï ʉʇʙ.: ʇʠʪʝʨ, 2019. 

5. ʇʨʦʝʢʪʠʨʦʚʘʥʠʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ. ï ʄ.: ɼʄʂ ʇʨʝʩʩ, 2018. 

6. ʉʠʩʪʝʤʥʳʡ ʘʥʘʣʠʟ ʠ ʧʨʠʥʷʪʠʝ ʨʝʰʝʥʠʡ. ï ʄ.: ʖʨʘʡʪ, 2020. 

7. ɹʘʟʳ ʜʘʥʥʳʭ. ï ʉʇʙ.: ʂʆʈʆʅɸ-ɺʝʢ, 2020. 

8. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ ʚ ʦʙʨʘʟʦʚʘʥʠʠ. ï ʄ.: ɸʢʘʜʝʤʠʷ, 2019. 

9. ʋʧʨʘʚʣʝʥʠʝ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʤʠ ʩʠʩʪʝʤʘʤʠ. ï ʄ.: ɸʢʘʜʝʤʠʷ, 2018. 

10. ʀʥʬʦʨʤʘʮʠʦʥʥʳʝ ʪʝʭʥʦʣʦʛʠʠ ʫʧʨʘʚʣʝʥʠʷ. ï ʄ.: ʖʅʀʊʀ-ɼɸʅɸ, 2021. 

11. ɸʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʝ ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ. ï ʄ.: ʀʥʬʨʘ-ʄ, 2020. 

 

 

ɼʞʫʤʘʙʘʡ ʆʩʤʦʥʙʝʢʦʚʠʯ ʋʩʝʥʢʘʥʦʚ ï ʢ.ʬ.-ʤ.ʥ., ʟʘʚʝʜʫʶʱʠʡ ʢʘʬʝʜʨʦʡ 

ʪʝʦʨʝʪʠʯʝʩʢʦʡ ʠ ʦʙʱʝʡ ʬʠʟʠʢʠ ʂʳʨʛʳʟʩʢʦʛʦ ʅʘʮʠʦʥʘʣʴʥʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤʝʥʠ ɾ. 

ɹʘʣʘʩʘʛʳʥʘ 720033, ɹʠʰʢʝʢ; e-mail: juma_21@mail.ru; 

ɸʣʘʡʙʝʢ ɹʫʨʭʘʥʦʚʠʯ ʐʘʤʰʠʝʚ ï ʢ.ʙ.ʥ., ʧʝʨʚʳʡ ʧʨʦʨʝʢʪʦʨ, ʧʨʦʨʝʢʪʦʨ ʧʦ ʫʯʝʙʥʦʡ 

ʨʘʙʦʪʝ ʂʳʨʛʳʟʩʢʦʛʦ ʅʘʮʠʦʥʘʣʴʥʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤʝʥʠ ɾ. ɹʘʣʘʩʘʛʳʥʘ 720033, 

ɹʠʰʢʝʢ; e-mail: alay.shamshiev@mail.ru. 

ɻʫʣʴʥʘʨʘ ʐʘʢʠʨʦʚʥʘ ɹʫʟʫʨʤʘʥʢʫʣʦʚʘ ï ʟʘʚʝʜʫʶʱʘʷ ʦʪʜʝʣʦʤ ʣʠʮʝʥʟʠʨʦʚʘʥʠʷ ʠ 

ʘʢʢʨʝʜʠʪʘʮʠʠ ʂʳʨʛʳʟʩʢʦʛʦ ʅʘʮʠʦʥʘʣʴʥʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤʝʥʠ ɾ. ɹʘʣʘʩʘʛʳʥʘ 720033, 

ɹʠʰʢʝʢ; e-mail: gulnara.buzurmankulova@knu.knu 

ʅʫʨʟʘʪ ʄʝʜʝʪʢʘʥʦʚʥʘ ɹʘʢʠʨʦʚʘ - ʧʨʝʧ. ʢʘʬʝʜʨʳ ʪʝʦʨʝʪʠʯʝʩʢʦʡ ʠ ʦʙʱʝʡ ʬʠʟʠʢʠ 

ʂʳʨʛʳʟʩʢʦʛʦ ɻʦʩʫʜʘʨʩʪʚʝʥʥʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤʝʥʠ ɾ. ɹʘʣʘʩʘʛʳʥʘ 720033, ɹʠʰʢʝʢ; e- 

mail: b.nurzat89@gmail.com 

mailto:juma_21@mail.ru
mailto:alay.shamshiev@mail.ru
mailto:gulnara.buzurmankulova@knu.knu
mailto:b.nurzat89@gmail.com


52  

 

 

 

 

 

ʉɽʂʎʀʗ 4 

 

 
ʆשʪʘʡʣʘʥʜʳʨʫ ʝʩʝʧʪʝʨʽʥ h ʝʰʫʜʽש ʤʘʪʝʤʘʪʠʢʘʣʳץ ᴅʜʽʩʪʝʨʽ 

ʄʘʪʝʤʘʪʠʯʝʩʢʠʝ ʤʝʪʦʜʳ ʨʝʰʝʥʠʷ ʦʧʪʠʤʠʟʘʮʠʦʥʥʳʭ ʟʘʜʘʯ 

Mathematical methods for solving optimization problems 
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MATHEMATICAL MODEL OF A DEBRIS FLOW BREAKTHROUGH 

CONSIDERING THE REDUCTION  OF WATER  VOLUME  IN THE RESERVOIR 
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Abstract. In the last 15 years, Kazakhstan has faced many bad floods and landslides that have caused 

loss of life and big harm to the economy. Specifically, incidents in the Almaty region in 2010, the Karaganda 

region in 2014, and the northern and western regions in 2024 showed the importance of setting up good 

monitoring systems for hydraulic structures. The goal of this study is to find out the parameters of a 

mathematical model that describes how debris flows pass through hydraulic structures like dams and weirs. 

Reaching this goal will  let us connect the model we created with actual observations and data. This paper 

introduces a forecasting system that can evaluate the effects of mudflows. The system was created using 

mathematical modeling techniques. Unlike other models, this one considers both the reservoir's properties 

and the characteristics of the river bed. To put the system into use, software was developed using Python. 

The tests showed that the model works well in real situations and can be used effectively in many different 

settings. 

Keywords: Forecasting, Mathematical model, Mudflow, Pool, Weir, reservoir; water level; 

monitoring. 

 

INTRODUCTION  

Over the past 100 years, many disasters have happened because of the failure of hydraulic 

structures, causing loss of life and big financial damage. One of the most tragic was the St. In 

March 1928, there was a big tragedy called the Francis Dam disaster in California, and over 600 

people lost their lives. In 1963, a big mountain collapse near the Vajont reservoir in Italy created 

huge waves that were as tall as 70 meters. These waves destroyed four villages and caused the 

deaths of 4,400 people. In July 2002, a flood in Krasnodar Krai destroyed a hydroelectric complex, 

leading to the deaths of 114,000 people and causing economic damage worth about 15 billion 

rubles [1, 2]. 

On August 17, 2009, a big accident happened at the Sayano-Shushenskaya hydroelectric 

power station, and 75 people lost their lives as a result. As a result, the station's tools and buildings 

were badly harmed. The accident caused bad changes in the environment of the nearby water area 

and had a big effect on the social and economic life of the region and the whole country [3]. 

Modern monitoring systems need to keep a close watch on both natural and human-made 

activities all the time.This helps in spotting possible dangers to people and the environment before 

they happen. The main purpose of monitoring is to give reliable information that helps in predicting 

possible emergencies. To achieve this, you need to bring together the knowledge, information, and 

technology from different groups and departments that are in charge of keeping an eye on certain 

dangers. 

Creating monitoring systems involves making and studying math models that can figure out, 

right on the spot, how much water a reservoir can store, and also guess when it will  be full  up to the 

top of the dam. This information is very important for giving the people and officials early warning, 

so they can take quick steps to protect the environment. 

So, studies that focus on making math models to evaluate how dams might fail and finding 

dependable ways to protect information are still very important. 

mailto:ziyatbekova1@gmail.com
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There are 1,665 hydraulic structures in Kazakhstan, such as 319 reservoirs that hold more 

than 1.0 million cubic meters of water. Of these, 83 are owned by Republicans, 200 are owned by 

cities, 34 are private, and 60 reservoirs have no owner. Out of the 443 dams, 32 are owned by the 

Republican Party, 346 are owned by cities, 45 are privately owned, and 20 have no owner. There 

are also 125 dams and 778 other hydraulic structures that are currently in use. 

Among the big reservoirs, these are the ones that are most notable: Astana built in 1970 with 

a volume of 410.9 million cubic meters, Seletin built in 1965 with 230 million cubic meters, 

Kargalinskoye built in 1975 with 280 million cubic meters, Bartogay built in 1982 with 320 million 

cubic meters, Kapshagay built in 1970 with 18,560 million cubic meters, Ters-Ashibulak built in 

1963 with 158.6 million cubic meters, Tasotkel built in 1974 with 620 million cubic meters, and 

Samarkand built in 1939 with 253.7 million cubic meters. 

Verkhne-Tobolsk (1972, 816.6 million cubic meters), Karatomar (1965, 586 million cubic 

meters), Bugunskoe (1967, 370 million cubic meters), and other similar places. 

Most reservoirs and hydroelectric plants (around 60%) are owned by cities and are listed on 

the balance sheet of Kazvodkhoz.About 20% of these facilities are managed by the agricultural 

departments of the akimats. This situation shows that the question of who really owns these 

facilities is still not settled. In the last 10 to 15 years, around 20% of reservoirs have been given to 

private people, mostly for use in farming, raising fish, and enjoying activities like boating or 

swimming. However, leasing usually does not lead to good outcomes, because private lessees often 

don't have enough money to fix important structures. [4]. 

In the spring of 2010, a big flood hit the Almaty region because a dam broke, leading to loss 

of life and heavy damage. A similar sad incident happened again in 2014 in the Karaganda area. 

These disasters were a big warning for the country and showed how important it is to stop 

something like this from happening again in the future [5]. 

Before we talk about the math models and ways to protect dams, it's important to know what 

really causes dams to fail. Dam failure can happen because of several different reasons. These are 

things like heavy rain or earthquakes that happen in nature, and also mistakes made by people, poor 

design, or bad ways of doing things. Studies indicate that roughly 30% of dams failing are because 

of problems in how they were designed, and natural conditions can also affect how these structures 

work. 

A dam breaking can lead to very serious and harmful results. Millions of liters of water can 

fall on areas where people live, and it can ruin everything along the way. The World Health 

Organization says that on average, over 10,000 people die each year because of these kinds of 

incidents. Also, the harm done to buildings and natural environments can take many years to fix. 

Research that focuses on making math models to evaluate how dams might fail and on creating 

dependable ways to protect against such failures is very important in stopping possible disasters 

from happening. The many different things that influence how stable a dam is need to be looked at 

closely and checked regularly. By using statistical, hydrodynamic, and structural modeling 

techniques, we can greatly increase the accuracy of predictions, which in turn helps improve safety 

levels. 

LITERATURE  REVIEW  

In recent years, how reservoirs are managed has changed because of climate change and the 

uncertain nature of water flow data, leading to a more flexible approach that uses predictions of 

incoming water. The article [6] talks about how important it is to predict water flow over a long 

period for managing dams well. It also explains how the time you have before a forecast comes in 

affects how dependable the reservoir operations are, especially when there are multiple reservoirs 

involved, and both the amount and quality of water are taken into account. In the review, the 

authors [7] look at cases where dams fail and when landslides create dams that then fail. They focus 

on real incidents that have been recorded, as well as experiments done in the lab and in the field. 
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Empirical and physically based models are talked about, along with the latest developments in 

using physical and mathematical methods to understand the main causes and processes that lead to 

failures. 

The safety of reservoirs and dams is a major concern in hydraulic engineering and the 

management of water resources. Getting the forecast right about how full  a reservoir will  get up to 

the top of the dam, and being able to know exactly how much water is in it right now, is very 

important. It helps stop emergencies and gives people and leaders enough time to warn and 

prepare. Modern research focuses on creating and studying math models, adding them to 

monitoring tools, and keeping the information safe during these processes. So, the article [8] 

introduces a model that mixes autoregressive and moving average parts, which helps in 

understanding the behavior of time series data by explaining the variables involved. To improve 

the accuracy of the forecast, the model uses two separate moving sub-models. The findings from 

the Monte Carlo study and using the model to predict water flow at hydroelectric power plants 

make the model more useful in real-world situations. 

The study [9] created nine nonlinear math models using data from 40 past dam failures. The 

first eight models were made using different regression analysis methods and are completely based 

on experience. At the same time, the last model is a semi-analytical method that was developed 

using an analytical solution for problems involving floods caused by a dam breaking in a 

trapezoidal channel. A review of the math models shows that hydrodynamic models using one-

dimensional and two-dimensional Boussinesq-Saint-Venant equations are used to figure out how 

the breakthrough wave moves in each situation. The main goal of the work [10] is to develop a 

method for determining how much water would flood the lower part of the pool if an earth dam 

fails. 

The authors of Peramuna, et al. [11] looked at different methods that are already used, 

focusing on what works well and what doesn't, so that modelers can choose the best method for 

studying wave actions during dam failures. 

The paper by Sreekumar and others [12] looks at and carefully examines the most recent 

developments in modeling the processes that lead to tailings dam failures and how flood waves 

spread downstream. Different ways to model mudflows are looked at, such as single-phase, quasi-

two-phase, and two-phase models. Also, methods for figuring out how water flows when a dam 

breaks are discussed. The study covers the flow behavior of tailings materials. Additionally, it uses 

geographic information systems and remote sensing tools to understand the effects of tailings dam 

failures. 

Tsakiris and Spiliotis [13] did studies focused on creating a model for how a dam break 

happens and figuring out the outflow hydrograph using a semi-analytical approach. They focus on 

showing how an embankment dam breaks down because of too much water flowing over it. The 

method uses the idea that erosion happens at a steady pace as a break forms, and it also assumes the 

shape of the cross-section ends up being parabolic. Two different solutions are suggested based on 

whether the reservoir has a prismatic shape or if its volume changes with the water depth in a 

power-related way. 

The paper [14] introduces a new model that uses the point method to study how soil and 

water interact, and also to forecast the parameters that describe the failure rate. It is understood that 

the dam is made entirely of cohesive soil and is built as a single, uniform structure. The water flow 

coming in is given as a hydrograph, which was created using software from another company that 

routes water flow. 

In recent years, many studies have been written about how to model the water flow processes 

in reservoirs. The paper [15] suggests ways to solve the equations used in kinematic wave theory. 

Numerous investigations highlight the significance of numerical modeling. For instance, 

reference [16] explores the application of numerical modeling, specifically via computational fluid 

dynamics (CFD), to examine the dynamics of wave generation and propagation triggered by 
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landslide material entering a body of water. This scenario is simulated as a multiphase flow, 

encompassing the interplay between compressed air, water, and mobile alluvial matter. The 

landslide itself is conceptualized as a solid object descending an inclined surface until it encounters 

the water. A combined methodology is employed for the computations. The CFD model resolves 

the Navier-Stokes equations, incorporating the RNG k-Ů turbulence model and the volume of fluid 

(VOF) technique, which precisely tracks the interface between phases as a distinct front. 

Furthermore, article [17] details findings from experimental research concerning the velocity 

of a breakthrough wave's leading edge downstream from a hydroelectric facility. This event 

resulted from an unforeseen, instantaneous, and partial failure of the dam across its width. The 

paper also discusses utilizing a front-speed-based parameter to pinpoint the onset of a steep 

breakthrough wave's formation, characterized by periodic waves within its structure, following the 

dam's collapse. 

In the work by Ivanov et al. [18], the specific attributes of various hydroelectric complexes 

were quantified, including the extent of inundation in terms of depth and width. This facilitated a 

broad-scale analysis employing a surface triangulation model. The calculations accounted for 

factors such as wave dissipation and obstructions (crossings) in scenarios involving a dam breach 

at a hydroelectric power station or an elevation in water level. A mathematical model and a three-

dimensional model were constructed, culminating in a flood zone prediction for emergency 

situations, derived from satellite imagery. 

Beyond traditional methods, various machine learning models are being explored to enhance 

water flow and flood forecasting. For instance, multi-objective optimized learning models and 

hybrid methodologies show particular promise. Jia et al. [18] introduced a novel hybrid machine 

learning model, the multi-objective conservative extreme learning machine (MCEELM), which 

has demonstrated significant potential for predicting reservoir storage. This approach is 

particularly valuable because conventional models often struggle with the accurate prediction of 

extreme events. By comprehensively minimizing errors, especially concerning floods, the 

MCEELM can substantially improve forecasting outcomes. The paper highlights impressive 

results, including a 5.27% reduction in mean square error for flood events and the potential to boost 

hydroelectric power generation by 130 million kWh. Such models are instrumental in refining peak 

outflow estimations during dam failures and optimizing water resource management. 

Similarly, Eghbali et al. [20] proposed a new hybrid clustering model, integrating artificial 

neural networks and genetic algorithms (ANN-GA), to improve the precision of peak outflow 

predictions from failed embankment dams. Their research indicates that this model offers more 

accurate estimations of peak outflows, particularly during significant flood conditions. 

MATERIALS  AND METHODS 

It is essential to recognize that research underscores the significant role of various 

parameters, such as upstream water height and volume, in forecasting and modeling floods 

resulting from accidents at hydraulic structures. Article [19] investigated the prediction of peak 

flow from a dam breach, a key component of flood risk analysis. The authors utilized support 

vector machine and extreme kernel learning machine methodologies. Their analysis revealed that 

dam height is a principal determinant of peak outflow forecasts, while strength characteristics did 

not exhibit a substantial effect. The developed approaches could be beneficial for flood modeling 

and other hydrological predictions in flood-prone territories. Consequently, the examination of 

contemporary scientific publications reveals substantial activity and a clear need for research 

dedicated to the development of mathematical modeling, monitoring, and protection strategies for 

hydraulic structures. Future promising avenues include the deployment of intelligent decision 

support systems, the integration of AI, and the establishment of cybersecurity protocols, all 

contributing to enhanced safety and more effective responses to emergencies. 
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RESULTS 

The mathematical model considers a trapezoidal type of reservoir, the view of which from 

the dam side is shown in Figure 1. 

 

Figure 1. View of the reservoir from the dam side 

 

Let us introduce the following notations: Mazakov, et al. [20], Mazakov, et al. [21] and ʊ. 

Mazakov, et al. [22] 
æT ï time step of the count (in hours); 
l ï length of the reservoir (in meters) 

ɤ0, S0 ï the width and area of the reservoir at the base; 
ɤ1, S1 ï the width and area of the reservoir at the level of the dam crest; 

ɤ2, S2 ï the width and area of the reservoir along the water surface; 

ɤ3, S3 ï the width and area of the reservoir at the highest point of the gap in the dam; 

V 0 ï total volume of the reservoir; 

V 1 ï unfilled volume of the reservoir; 

V 2 ï the volume of the reservoir from the water surface to the top point of the gap in the 

dam; dam; time æὝ; 
V 3 ï the volume of the reservoir from the lower to the upper point of the gap in the 
æV 1 ï the volume of water entering the reservoir during time æT ; 

æV 2 ï the volume of water flowing out of a reservoir during time æὝ; 
æV ï the difference between the volumes of water flowing out and entering during the h0 - 

dam height; 
h1 ï the distance from the dam crest to the water surface; 

h2 ï the distance from the water surface to the top point of the gap in the dam; 

h pr ï the height of the gap in the dam; 

ɤpr ï the width of the gap in the dam. 

Since the parameter is h0, h pr are constant h1 and h2 change over time, then we introduce the 

notations h1, k and h2 , k , where the index k denotes the value of the corresponding parameter at the 

time Tk . 

Then the formulas are valid. 

h0 h̨pr =h1 , k +h2 , k , V 0 V̨ 3=V 1 , k +V 2 , k  (1) 

 

Length of the reservoir l, width of the reservoir at the base ɤ0 and crest of the dam w1, 

height h0, the width and height of the gap h pr are ɤpr known and are constant. The volume of 

water entering the reservoir during time is also æV 1 assumed to be constant æT . 

Then the width of the reservoir at the top point of the gap in the dam can be calculated 

using the formulas 
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ɤ3=(ɤ1 hɣ0 +(ɤ0 ɤ̨1 ) (ɣh0 h̨pr ))/  h0 (2) 

Surface S0 areas, S1 ʠ S3 are also immutable and can be calculated: 

Si= l ɤɣi,  i=0 , 1 , 3 (3) 

 

Therefore, some volumes can be calculated (4). 

Since the distance to the water surface changes over time, the width and area of the 

reservoir, as well as some changing volumes at the water surface level at a given moment in 

time, Tk can be calculated using the formulas. 

ɤ2 , k =( ɤ1 hɣ0 +(ɤ0 ɤ̨1 ) hɣ1 , k )/ h0 , 

S2 , k = l ɤɣ2 , k , 

V 1 , k =(1/  3 ) hɣ1 , kˠ( S1+ Sx1 Sɣ2 , k + S2 , k ), 

V 2,k=(1/ 3) hɣ2,k (ɣ S2,k + Sx2,k Sɣ3+  S3)(5) 

æV 2,k ï the volume of water flowing out of a reservoir during time æT can be calculated in 

accordance with Torricelli's hydraulic law using the formula 

æV 2,k= Q æɣT =hprɣ ɤprˠx 2 gɣ hɣ2,k (6) 

Let us denote by æV =æV 2 , k ̨ æV ï the difference between the water that has flowed out 

and arrived in the reservoir. Then the following relations are valid 

V 1 , k +1=V 1 , k + æV , V 2 , k +1=V 2 , k ̨ æV (7) 

 

In addition, the calculated parameter is informative æ hk ï the height to which the water 

level is expected to drop over the next period of time. 

Let's introduce the following notations: 

x=æ hk 

Then the width of the reservoir at the surface level at a subsequent moment in time 

Tk + 1=Tk + æT can be calculated 

ɤx =( ɤ1 hɣ0 +( ɤ0 ɤ̨1 (ɣh1 + x ))/  h0, (8) 

Sx = l ɤɣx. 

 

Then the expected water consumption x for the subsequent period of time is found from 

the solution of the following nonlinear equation 

x (ɣ S2 + Sx2 Sɣx + Sx )=3 æɣV . (9) 
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Due to the complexity of equation (9), an analytical expression for cannot be found. In this 

connection, x the numerical q dichotomy method is used to calculate the expected water rise x 

[106]. 

Let's introduce the functions: 

s ( x )=(ɤ1 hɣ0 +(ɤ0 ɤ̨1 ) (ɣh1 + x )) lɣ /  h0 , (10 ) 

g ( x )=S2 + Sx2 sɣ ( x )+ s ( x ) , (11) 

f ( x , y )=x gɣ ( y ) 3̨ æɣV (12) 

 

Then, to determine the expected lowering of the water surface, a ñdichotomyò method for 

finding the parameter is proposed xk: 

Step 1. Let x0=0. 

Ů=0.001ï the specified calculation accuracy. Let's assign xl=h0, xp=h0. 

Step 2. Let xk =( xl + xp ) 0ɣ.5. Calculate the value of the function 

f ( xk , xk ) according to formula (12). If the function value f ( xk , xk ) is less than 0, then we 

move on to step 3. Let's define a new left boundary xl=xk. Proceed to step 4. 

Step 3. Let's define a new right boundary xp=xk. Step 4. Find the accuracy of the 

calculation 

r = (ˬ xˬl x̨p ). 

If  r Ò Ů then go to step 5, otherwise, go to step 2. Step 5. The calculation result is in xk. 

As a result of the algorithm's operation, the value of the height to which the water surface 

in the reservoir has dropped is calculated. 

The maximum wave height h maxis sought in the form 

h =Ŭ (ɣh ɤɣ  )
Ŭ

1 hŬ2 V Ŭ3 L Ų̆4 cos ( ɗ ) (13) 
max 0 pr pr Ẅ  2 2 

 
Where ɗ ï the slope angle of the terrain over a distance of L. 

In formula (13) all coefficients Ŭi >0, 0 , 4. Based on the available information about the 

breakthroughs that occurred, 30 variants of parametric data were prepared. Based on this 

information, the following formula is obtained: 

h =1 , 34ɣ h0,55 (h ɤɣ  )
0 , 32 

V 0,4 L 0̨,4 cos ( ɗ ) (14) 
max 2 pr pr Ẅ 2 

In formula (14) the volume of the reservoir (V 2) and the height to the water surface h2 change 

over time; the distance from the dam site to the observation point (L) depends on the coordinates of 

the observed point. 
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Note. The formula obtained in work (14) has the following limits of applicability (related to 

the methodology of its justification): reservoir capacity (V 2) ï from 3 million m3 and higher; dam 

height (h0) ï from 3 m and higher; distance from the dam site to the observation site (L) ï from 3 m 

and higher. The above restrictions do not interfere with practical interests. 

DISCUSSION 

The countdown is every half hour: 

æT =0.5 h ours=30 minutes. 

All further calculations model the events that occurred in the village of Kyzylagash in the 

Almaty region on March 11 and 12, 2010. The 45-meter-high dam was designed to store 42 million 

cubic meters of water. 

Based on the developed automated system, a model of the events that occurred on March 11-

12, 2010, in the village of Kyzylagash was created. According to the Almaty Department of 

Emergency Situations, the accident occurred as a result of heavy rain and increased air 

temperature. These conditions led to the movement of ice and provoked the formation of 

mudflows. 

The situation that developed in the village of Kyzylagash was modeled using formula (14) 

and is presented in Figure 2-5. 
 

Figure 2. Chart of the maximum breakout wave in the first 10 minutes 
 

 

Figure 3. Chart of the maximum breakout wave in the first 20 minutes 
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Figure 4. Chart of the maximum breakout wave in the first 20 minutes 
 

 

 

Figure 5. Chart of the maximum breakout wave in the first 60 minutes 

 

As can be seen from Figures 2-5, the volume of water and the heights of subsequent 

breakthrough waves decrease over time. This fact aligns well with reality. 

According to the data in the figure, the breakthrough wave that reached the village of 

Kyzylagash within one hour had a height of 1.5 meters. During the same period, the height of the 

wave coming out of the reservoir decreased from 12 meters to 7 meters. Thus, the results of 

numerical modeling are confirmed by actual data recorded during the event. 

CONCLUSION 

The following results were achieved within the framework of the conducted study: 

A mathematical model has been developed to predict the consequences of a dam break. An 

algorithm has been created to calculate the maximum level of a break wave, taking into account 

various parameters of the hydraulic structure. The proposed approach is highly practical in 

comparison with existing methods. 



62  

A hardware and software complex (HSC) for monitoring and predicting the consequences of 

a dam break has been created in Python. 

Based on the solution of the model problem, the effectiveness of the developed PAC was 

confirmed. The situation that occurred in the village of Kyzylagash in the Almaty region of the 

Republic of Kazakhstan was used as a practical basis. 

The obtained results can be used to support decision-making by the water management 

authorities of Kazakhstan. The proposed methodology and technologies offer a qualitatively new 

approach to water resources monitoring, identifying phenomena that contribute to emergency 

situations, and assessing their consequences. 
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Abstract. In this paper, we introduce a Boyd-Wong type contraction in generalized metric 

spaces and prove the existence of a unique fixed point for such mappings. We investigate the stability 

of a general class of nonlinear differential equations in the sense of HyersïUlam and HyersïUlamï

Rassias using our obtained fixed point result. Our results extend and improve some existence results 

and stability results in literature. Some illustrative examples are given to show the usability of our 

main results. 
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stability, fractional inclusions. 
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1. INTRODUCTION  

The study of data dependence in the theory of differential equations is a fundamental area of 

research, focusing on the sensitivity of solutions to perturbations in initial data and 

parameters. This field encompasses concepts such as monotonicity, continuity, and 

differentiability of solutions. Among these, Ulam stability has gained significant atten-tion 

over the last few decades as a specialized framework for studying how closely an 

approximate solution remains to an exact one. The origin of this subject traces back to 1940, when 

S.M. Ulam posed a celebrated question regarding the stability of functional equations in a talk at 

the University of Wisconsin. In 1941, D.H. Hyers provided the first partial solution for 

linear equations in Banach spaces using what is now known as the òdirect methodò. Hyers 

demonstrated that for every approximately additive mapping, there exists a unique exact 

additive mapping nearby. In 1978, T. M. Rassias generalized this result by allowing the C 

auchy difference to be unbounded, a concept now widely termed HyersïUlamïRassias 

stability. While the direct method was pio-neering, it often required restrictive assumptions 

and complex manual constructions of solutions, particularly for nonlinear systems. To address 

these limitations, researchers shifted toward the fixed point technique, which offers a more unified 

and flexible frame-work for proving stability. A pivotal development in this direction was the 

introduction of generalized complete metric spaces (GCMS) by Luxemburg (1958), where 

the dis-tance between two points is permitted to be infinity. Building on this notion, Diaz 

and Margolis [6] proved a fundamental theorem of the alternative for strictly contractive op-erators 

in GCMS. This theorem provides a powerful tool for establishing the existence and 

uniqueness of fixed points in spaces that may consist of disjoint metric compo-nents. In 

2010, Soon-Mo Jung [5] utilized this fixed point approach to investigate the stability of fi 

rst-order differential equations of the form yǋ = F (x, y). However, Jungôs original results 

(Theorem 3.1 in [5]) were bound by the requirement that the product of certain constants must 

satisfy KL < 1 (or Lr < 1), where L is the Lipschitz constant. This condition meant that 

stability could only be guaranteed for systems with high contraction rates or within 

restricted intervals. Subsequently, in 2020, BaĚscē, Misir, and O¨ ĝgrekĚci ([7]) provided 

a significant improvement to Jungôs work. By introducing a weighted metric that 

incorporated an exponential function (e ī M (x ī x0)), they succeeded in modifying the 

contraction properties of the operator. This creative manip-ulation of the metric space allowed 

them to completely remove the restrictive condition KL < 1, establishing stability results u 

nder much fewer and weaker assumptions than previously required. Despite the advancements 
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mailto:A.Farajzadeh@razi.ac.ir
mailto:elman.hazar@igdir.edu.tr


65  

made in ([7]), their methodologyðand most existing literatureðremains dependent on a fixed 

Lipschitz constant (L). Such linear contraction conditions are often too rigid for many complex 

nonlinear models. In the present paper, we aim to extend and generalize the stability results of 

both Jung and BaĚscē et al. by introducing a Boyd-Wong type contraction in the framework of 

generalized complete metric spaces. By replacing the fixed Lipschitz constant with an altering 

distance function, we establish stability criteria for a broader class of nonlinear differential 

equations where the òrate of contractionò may vary dynamically. Our ap-proach not only 

unifies the previous results but also covers òedge casesò where classical Lipschitzian methods fail 

due to the contraction ratio approaching unity. 

Let I be an interval of the real numbers and F : I × R Ÿ R be a given mapping. 

Let for any differentiable function f : I Ÿ R satisfying the inequality 

 

|fǋ(x) ï F (x, f (x))| Ò Ů 

 
for all x Ԝ I and some Ů > 0, there exists a solution y0 : I Ÿ R of the differential 

equation 

 

such that 

yǋ(x) = F (x, y(x)) (1.1) 

|f (x) ī y0(x)| Ò K(Ů), 

 

for any x Ԝ I, where K : (0, Ð) Ÿ (0, Ð) is a function. Then we say that the differ-

ential equation (1.1) has the Hyers-Ulam stability. If  the above statement is also true when 
we replace Ů and K(Ů) by ű(x) and ū(x), respectively, where ű, ū : I Ÿ [0, Ð) are functions 

not depending on f and y0 explicitly, then we say that the corresponding differential 

equation has the Hyers-Ulam-Rassias stability (or the generalized Hyers-Ulam stability). 

We may apply these terminologies for other equations. We refer to [1, 5, 3, 4], for more 

details of the Hyers-Ulam stability and the Hyers-Ulam-Rassias stability. In [5], Jung 

studied the Hyers-Ulam stability and Hyers-Ulam-Rassias sta-bility  result for the 

differential equation (1.1) by using the Lipschitz condition on the function F . In this 

paper, we first introduce a new contraction, which is called Boyd-Wong type contraction, 

for the function F and, by using it, the Hyers-Ulam stability and Hyers-Ulam-Rassias 

stability for the differential equation (1.1) is proved which is a real generalization of 

Jungôs result [5]. 

The next results provide sufficient conditions which under them the Hyers-Ulam-

Rassias stability is true. 

Theorem 1.1. [7] Assume that f : I × R Ÿ R is a continuous function which satisfies a 

Lipschitz condition 

|f (x, y1) ī f (x, y2)| Ò L|y1 ī y2| 

for all x Ԝ I and all y1, y2 Ԝ R,where L > 0 is a Lipschitz cinstant.if a continuously 

differentionable function y : I Ÿ R satisfies 

 

|yǋ(x) ī F (x, y(x))| Ò Ů 

for all x Ԝ I and some Ů Ó 0, then there exists a unique solution y0 of (1.1) satisfying 

|y(x) ī y0(x)| Ò (1 + L)rŮ, 

for all x Ԝ I. 
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Theorem 1.2. [5] For given real numbers a and b with a < b, let I = [a, b] be a closed 

interval and c Ԝ I. Let K and L be positive constants with 0 < KL < 1. Assume that F 

: I × R Ÿ R is a continuous mapping which satisfies a Lipschitz condition 

|F (x, y) ī F (x, z)| Ò L|y ī z| (1.2) 

for all x Ԝ I and y, z Ԝ R. If a continuously differentiable function y : I Ÿ R satisfies 

|yǋ(x) ī F (x, y(x))| Ò (ʟx) (1.3) 

for all x Ԝ I, where  ʟ: I Ÿ (0, Ð) is a continuous function with 

Ú x 

| (ʟt)dt| Ò K (ʟx) (1.4) 

c 

for each x Ԝ I, then there exists a unique continuous function y0 : I Ÿ R such that 
 

 

y0(x) = y(c) + 

 

(consequently, y0 is a solution to 1.1)) and 

Ú x 

F (Ű, y0(Ű ))dŰ (1.5) 

c 

 

K 
 

 

|y(x) ī y0(x)| Ò (ʟx) (1.6) 

for all x Ԝ I. 
1 ī KL 
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[7] Y. Basci, A. Misir and S. Ö  grekci, On the stability problem of differential equations in 

the sense of Ulam. Res. Mat. (2020), 1132-6. 

[8] D. Khantwal, Theorem of the alternative for a system of mappings in generalized complete 

metric spaces, (2025). 

[9] D. Khantwal, Theorem of the alternative for a system of mappings in generalized complete 

metric spaces, (2025). 



67  

 

 

 

ʉɽʂʎʀʗ 5 

 

 
ʅʘץʪʳ ʞװʡʝʣʝʨʜʽ ʤʦʜʝʣʴʜʝʫʜʝʛʽ ʦשʪʘʡʣʘʥʜʳʨʫ ʤᴅʩʝʣʝʣʝʨʽ 

ʆʧʪʠʤʠʟʘʮʠʦʥʥʳʝ ʟʘʜʘʯʠ ʚ ʤʦʜʝʣʠʨʦʚʘʥʠʠ ʨʝʘʣʴʥʳʭ ʩʠʩʪʝʤ 

Optimization problems in modeling real systems 
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ɸʃɻʆʈʀʊʄʓ ʀ ʇʈʆɻʈɸʄʄʅʓɽ ʉʊʈɽɼʉʊɺɸ ɼʃʗ ʈɽɻʋʃʀʈʆɺɸʅʀʗ 

ʉɺɽʊʆʌʆʈʆɺ ʉ ʀʉʇʆʃʔɿʆɺɸʅʀɽʄ ʊɽʍʅʆʃʆɻʀʁ 

ʄɸʐʀʅʅʆɻʆ ʆɹʋʏɽʅʀʗ 

 

ʊʦʨʦʙʝʢʦʚ ɹ.ʊ., ʊʦʢʦʝʚʘ ɹ. ɾ., ʆʭʦʪʥʠʢʦʚ ɺ.ʀ. 

ʂʳʨʛʳʟʩʢʠʡ ʛʦʩʫʜʘʨʩʪʚʝʥʥʳʡ ʪʝʭʥʠʯʝʩʢʠʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤ. ʀ. ʈʘʟʟʘʢʦʚʘ, ʛ. ɹʠʰʢʝʢ 

 

ɺʚʝʜʝʥʠʝ. ʅʝʦʙʭʦʜʠʤʦʩʪʴ ʨʘʟʨʘʙʦʪʢʠ ʘʜʘʧʪʠʚʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ ʩʚʝʪʦʬʦʨʥʦʡ 

ʩʠʛʥʘʣʠʟʘʮʠʝʡ ʧʨʦʜʠʢʪʦʚʘʥʘ ʦʙʲʝʢʪʠʚʥʳʤʠ ʪʝʥʜʝʥʮʠʷʤʠ ʨʘʟʚʠʪʠʷ ʛʦʨʦʜʩʢʦʡ 

ʪʨʘʥʩʧʦʨʪʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ. ʊʨʘʥʩʧʦʨʪʥʳʝ ʧʦʪʦʢʠ ʚ ʩʦʚʨʝʤʝʥʥʳʭ ʤʝʛʘʧʦʣʠʩʘʭ 

ʦʪʣʠʯʘʶʪʩʷ ʥʝʧʨʝʨʳʚʥʳʤ ʢʦʣʠʯʝʩʪʚʝʥʥʳʤ ʨʦʩʪʦʤ ʠ ʚʳʩʦʢʦʡ ʩʪʝʧʝʥʴʶ 

ʥʝʧʨʝʜʩʢʘʟʫʝʤʦʩʪʠ: ʥʘʛʨʫʟʢʘ ʥʘ ʜʦʨʦʞʥʫʶ ʩʝʪʴ ʩʫʱʝʩʪʚʝʥʥʦ ʚʘʨʴʠʨʫʝʪʩʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ 

ʚʨʝʤʝʥʠ ʩʫʪʦʢ, ʦʙʨʘʟʫʷ ʚʳʨʘʞʝʥʥʳʝ ʫʪʨʝʥʥʠʝ ʠ ʚʝʯʝʨʥʠʝ ʧʠʢʠ, ʘ ʪʘʢʞʝ ʧʦʜʚʝʨʞʝʥʘ 

ʚʣʠʷʥʠʶ ʤʝʪʝʦʨʦʣʦʛʠʯʝʩʢʠʭ ʫʩʣʦʚʠʡ, ʩʝʟʦʥʥʳʭ ʬʘʢʪʦʨʦʚ, ʧʨʦʚʝʜʝʥʠʷ ʜʦʨʦʞʥʦ-ʨʝʤʦʥʪʥʳʭ 

ʤʝʨʦʧʨʠʷʪʠʡ ʠ ʚʥʝʟʘʧʥʦ ʚʦʟʥʠʢʘʶʱʠʭ ʘʚʘʨʠʡʥʳʭ ʩʠʪʫʘʮʠʡ. ʆʩʦʙʫʶ ʨʦʣʴ ʚ ʩʪʨʫʢʪʫʨʝ 

ʫʣʠʯʥʦ-ʜʦʨʦʞʥʦʡ ʩʝʪʠ ʠʛʨʘʶʪ ʧʝʨʝʢʨʸʩʪʢʠ: ʠʤʝʥʥʦ ʟʜʝʩʴ ʩʪʘʣʢʠʚʘʶʪʩʷ 

ʨʘʟʥʦʥʘʧʨʘʚʣʝʥʥʳʝ ʧʦʪʦʢʠ ʪʨʘʥʩʧʦʨʪʘ, ʠ ʧʨʠ ʚʦʟʥʠʢʥʦʚʝʥʠʠ ʜʠʩʙʘʣʘʥʩʘ ʠʥʪʝʥʩʠʚʥʦʩʪʝʡ 

ʟʘʪʦʨʳ ʦʙʨʘʟʫʶʪʩʷ ʩ ʚʳʩʦʢʦʡ ʩʢʦʨʦʩʪʴʶ. 

ʊʨʘʜʠʮʠʦʥʥʳʝ ʩʚʝʪʦʬʦʨʥʳʝ ʦʙʲʝʢʪʳ, ʢʘʢ ʧʨʘʚʠʣʦ, ʬʫʥʢʮʠʦʥʠʨʫʶʪ ʚ ʨʝʞʠʤʝ 

ʟʘʨʘʥʝʝ ʟʘʧʨʦʛʨʘʤʤʠʨʦʚʘʥʥʳʭ ʚʨʝʤʝʥʥʳ¾ʭ ʮʠʢʣʦʚ ʩ ʬʠʢʩʠʨʦʚʘʥʥʦʡ ʧʨʦʜʦʣʞʠʪʝʣʴʥʦʩʪʴʶ 

ʨʘʟʨʝʰʘʶʱʠʭ ʬʘʟ. ɼʘʥʥʘʷ ʤʦʜʝʣʴ ʫʧʨʘʚʣʝʥʠʷ ʦʪʣʠʯʘʝʪʩʷ ʧʨʦʩʪʦʪʦʡ ʠ ʩʪʘʙʠʣʴʥʦʩʪʴʶ, 

ʦʜʥʘʢʦ ʧʨʠʥʮʠʧʠʘʣʴʥʦ ʥʝ ʩʧʦʩʦʙʥʘ ʦʧʝʨʘʪʠʚʥʦ ʨʝʘʛʠʨʦʚʘʪʴ ʥʘ ʜʠʥʘʤʠʢʫ ʨʝʘʣʴʥʳʭ 

ʧʦʪʦʢʦʚ. ʂʦʛʜʘ ʥʘʛʨʫʟʢʘ ʥʘ ʦʪʜʝʣʴʥʳʝ ʥʘʧʨʘʚʣʝʥʠʷ ʨʝʟʢʦ ʚʦʟʨʘʩʪʘʝʪ, ʫʩʪʘʥʦʚʣʝʥʥʦʡ 

ʜʣʠʪʝʣʴʥʦʩʪʠ ʟʝʣʸʥʦʛʦ ʩʠʛʥʘʣʘ ʤʦʞʝʪ ʧʦʧʨʦʩʪʫ ʥʝ ʭʚʘʪʘʪʴ; ʦʜʥʦʚʨʝʤʝʥʥʦ ʥʘ ʤʝʥʝʝ 

ʟʘʛʨʫʞʝʥʥʳʭ ʧʦʜʭʦʜʘʭ ʯʘʩʪʴ ʨʘʟʨʝʰʸʥʥʦʛʦ ʚʨʝʤʝʥʠ ʨʘʩʭʦʜʫʝʪʩʷ ʚʭʦʣʦʩʪʫʶ ð 

ʪʨʘʥʩʧʦʨʪʥʳʡ ʧʦʪʦʢ ʦʪʩʫʪʩʪʚʫʝʪ, ʘ ʩʠʛʥʘʣ ʧʨʦʜʦʣʞʘʝʪ ʛʦʨʝʪʴ. ʉʣʝʜʩʪʚʠʝʤ ʧʦʜʦʙʥʦʛʦ 

ʥʝʩʦʦʪʚʝʪʩʪʚʠʷ ʩʪʘʥʦʚʷʪʩʷ ʫʚʝʣʠʯʝʥʠʝ ʪʨʘʥʩʧʦʨʪʥʳʭ ʟʘʜʝʨʞʝʢ, ʩʥʠʞʝʥʠʝ ʧʨʦʧʫʩʢʥʦʡ 

ʩʧʦʩʦʙʥʦʩʪʠ ʫʟʣʘ ʠ ʫʭʫʜʰʝʥʠʝ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʦʙʩʪʘʥʦʚʢʠ ʚʩʣʝʜʩʪʚʠʝ ʧʨʦʜʦʣʞʠʪʝʣʴʥʦʡ 

ʨʘʙʦʪʳ ʜʚʠʛʘʪʝʣʝʡ ʚ ʨʝʞʠʤʝ ʧʨʠʥʫʜʠʪʝʣʴʥʦʛʦ ʧʨʦʩʪʦʷ. 

ʇʝʨʩʧʝʢʪʠʚʥʳʤ ʥʘʧʨʘʚʣʝʥʠʝʤ ʧʦʚʳʰʝʥʠʷ ɻ ʬʬʝʢʪʠʚʥʦʩʪʠ ̫ ʚʣʷʶʪʩʷ ʘʜʘʧʪʠʚʥʳʝ (ñʫʤʥʳʝò) 

ʩʚʝʪʦʬʦʨʳ, ʢʦʪʦʨʳʝ ʠʟʤʝʥʷʶʪ ʜʣʠʪʝʣʴʥʦʩʪʠ ʬʘʟ ʠ/ʠʣʠ ʧʨʘʚʠʣʘ ʧʝʨʝʢʣʶʯʝʥʠʷ ʥʘ ʦʩʥʦʚʝ 

ʜʘʥʥʳʭ ʦ ʜʦʨʦʞʥʦʡ ʩʠʪʫʘʮʠʠ. ɺʘʞʥʦʡ ʧʨʘʢʪʠʯʝʩʢʦʡ ʟʘʜʘʯʝʡ ʪʘʢʞʝ ʷʚʣʷʝʪʩʷ ʦʙʝʩʧʝʯʝʥʠʝ 

ʧʨʠʦʨʠʪʝʪʥʦʛʦ ʧʨʦʝʟʜʘ ʩʧʝʮʪʨʘʥʩʧʦʨʪʘ (ʩʢʦʨʦʡ ʧʦʤʦʱʠ, ʧʦʞʘʨʥʳʭ, ʧʦʣʠʮʠʠ), ʧʦʩʢʦʣʴʢʫ 

ʟʘʜʝʨʞʢʘ ʵʢʩʪʨʝʥʥʳʭ ʩʣʫʞʙ ʠʤʝʝʪ ʢʨʠʪʠʯʝʩʢʫʶ ʩʦʮʠʘʣʴʥʫʶ ʟʥʘʯʠʤʦʩʪʴ. ɺ ʩʚʷʟʠ ʩ ʵʪʠʤ 

ʨʘʟʨʘʙʦʪʢʘ ʠʤʠʪʘʮʠʦʥʥʦʡ ʤʦʜʝʣʠ ʫʤʥʦʛʦ ʩʚʝʪʦʬʦʨʘ, ʚʢʣʶʯʘʶʱʝʡ ʘʜʘʧʪʠʚʥʦʝ ʫʧʨʘʚʣʝʥʠʝ 

ʠ ʧʨʠʦʨʠʪʝʪ ʩʧʝʮʪʨʘʥʩʧʦʨʪʘ, ʷʚʣʷʝʪʩʷ ʘʢʪʫʘʣʴʥʦʡ ʢʘʢ ʩ ʥʘʫʯʥʦ-ʧʨʘʢʪʠʯʝʩʢʦʡ, ʪʘʢ ʠ ʩ 

ʠʥʞʝʥʝʨʥʦʡ ʪʦʯʢʠ ʟʨʝʥʠʷ. 

ʎʝʣʴ ʠ ʟʘʜʘʯʠ ʠʩʩʣʝʜʦʚʘʥʠʷ. ʆʧʨʝʜʝʣʝʥʠʝ ʠʥʩʪʨʫʤʝʥʪʦʚ ʜʣʷ ʨʘʟʨʘʙʦʪʢʠ ʙʫʜʝʪ 

ʦʧʨʝʜʝʣʷʪʴʩʷ ʥʝʦʙʭʦʜʠʤʳʤʠ ʪʨʝʙʦʚʘʥʠʷʤʠ ʢ ʦʙʨʘʟʮʫ. ʈʝʟʫʣʴʪʠʨʫʶʱʝʝ ʧʨʠʣʦʞʝʥʠʝ 

ʜʦʣʞʥʦ ʫʜʦʚʣʝʪʚʦʨʷʪʴ ʩʣʝʜʫʶʱʠʤ ʫʩʣʦʚʠʷʤ: 

- ʙʳʪʴ ʥʘʛʣʷʜʥʳʤ, ʨʘʩʰʠʨʷʝʤʳʤ; 

- ʜʦʣʞʥʦ ʦʙʝʩʧʝʯʠʚʘʪʴ ʚʦʟʤʦʞʥʦʩʪʴ ʜʝʤʦʥʩʪʨʘʮʠʠ ʘʣʛʦʨʠʪʤʦʚ ʫʧʨʘʚʣʝʥʠʷ ʚ ʨʝʞʠʤʝ 

ʦʥʣʘʡʥ. 

ʇʦ ʨʘʙʦʪʝ ʠʤʠʪʘʮʠʦʥʥʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʥʝʦʙʭʦʜʠʤʦ ʧʦʥʠʤʘʪʴ ʯʪʦ ʜʦʣʞʥʳ 

ʧʨʠʩʫʪʩʪʚʦʚʘʪʴ ʜʚʘ ʘʩʧʝʢʪʘ: ʚʠʟʫʘʣʠʟʘʮʠʷ, ʢʦʪʦʨʘʷ ʧʦʟʚʦʣʷʝʪ ʚʠʜʝʪʴ ʬʦʨʤʠʨʦʚʘʥʠʝ 

ʦʯʝʨʝʜʝʡ ʠ ʧʝʨʝʢʣʶʯʝʥʠʷ ʩʠʛʥʘʣʦʚ ʠ ʨʝʘʣʠʟʘʮʠʷ ʘʣʛʦʨʠʪʤʦʚ ʪʦ ʝʩʪʴ ʣʦʛʠʢʠ ʧʨʘʚʠʣ 

ʜʦʨʦʞʥʦʛʦ ʜʚʠʞʝʥʠʷ. ɺ ʢʘʯʝʩʪʚʝ ʦʩʥʦʚʥʦʛʦ ʠʥʩʪʨʫʤʝʥʪʘ ʨʘʟʨʘʙʦʪʢʠ ʙʳʣ ʚʳʙʨʘʥ ʷʟʳʢ 

ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ Python. ɼʣʷ ʵʪʦʛʦ ʙʳʣʦ ʥʝʩʢʦʣʴʢʦ ʧʨʠʯʠʥ: 

ɺʦ-ʧʝʨʚʳʭ, ʷʟʳʢ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ Python ʰʠʨʦʢʦ ʧʨʠʤʝʥʷʝʪʩʷ ʧʨʠ 

ʤʦʜʝʣʠʨʦʚʘʥʠʠ, ʦʙʣʘʜʘʷ ʫʜʦʙʥʳʤ ʩʠʥʪʘʢʩʠʩʦʤ ʠ ʦʧʨʝʜʝʣʸʥʥʳʤ ʢʦʣʠʯʝʩʪʚʦʤ ʛʦʪʦʚʳʭ 

ʬʨʝʡʤʚʦʨʢʦʚ. 
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ɺʦ-ʚʪʦʨʳʭ, ʧʨʠʤʝʥʝʥʠʝ ʷʟʳʢʘ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ Python ʩʫʱʝʩʪʚʝʥʥʦ ʦʙʣʝʛʯʘʝʪ 

ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ, ʢ ʧʨʠʤʝʨʫ, ʵʢʩʧʦʨʪ ʨʝʟʫʣʴʪʘʪʦʚ, ʣʦʛʠʨʦʚʘʥʠʝ, ʧʦʜʢʣʶʯʝʥʠʝ ʩʪʦʨʦʥʥʠʭ 

ʙʠʙʣʠʦʪʝʢ, ʚʥʝʜʨʝʥʠʝ Machine Learning. 

ɺ-ʪʨʝʪʴʠʭ, ʷʟʳʢ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ Python ʫʜʦʙʝʥ ʧʨʠ ʚʳʧʦʣʥʝʥʠʠ 

ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʭ ʟʘʜʘʯ, ʪʘʢ ʢʘʢ ʦʙʝʩʧʝʯʠʚʘʝʪ ʥʝʦʙʭʦʜʠʤʫʶ ʩʢʦʨʦʩʪʴ ʨʘʟʨʘʙʦʪʢʠ, 

ʧʨʠʥʮʠʧʳ Clean Code ʠ ʶʟʘʙʠʣʠʪʠ. 

ɺ ʢʘʯʝʩʪʚʝ ʚʠʟʫʘʣʴʥʦʛʦ ʦʪʦʙʨʘʞʝʥʠʷ ʘʚʪʦʨʘʤʠ ʙʳʣʘ ʚʳʙʨʘʥʘ Pygame . Pygame - 

ʬʨʝʡʤʚʦʨʢ - ʵʪʦ ʥʘʙʦʨ ʤʦʜʫʣʝʡ ʩʣʫʞʘʱʠʡ ʧʨʠ ʧʨʦʝʢʪʠʨʦʚʘʥʠʠ 2D ʧʨʠʣʦʞʝʥʠʡ, ʢʦʪʦʨʳʡ 

ʤʦʞʝʪ ʦʪʦʙʨʘʞʘʪʴ ʛʨʘʬʠʢʠ, ʦʙʨʘʙʘʪʳʚʘʪʴ ʪʘʢʠʝ ʩʦʙʳʪʠʷ ʢʘʢ ʚʚʦʜ ʩ ʢʣʘʚʠʘʪʫʨʳ, ʱʝʣʯʢʠ 

ʤʳʰʠ ʠ ʢʘʜʨʦʚʫʶ ʯʘʩʪʦʪʫ. 

ɺʩʝ ʵʪʠ ʚʦʟʤʦʞʥʦʩʪʠ ʜʝʣʘʶʪ Pygame ʥʘʠʙʦʣʝʝ ʧʦʜʭʦʜʷʱʠʤ ʠʥʩʪʨʫʤʝʥʪʦʤ ʜʣʷ 

ʚʳʧʦʣʥʝʥʠʷ ʥʘʰʠʭ ʟʘʜʘʯ ʧʨʠ ʩʦʟʜʘʥʠʠ ʤʦʜʝʣʠ ʧʝʨʝʩʝʯʝʥʠʷ, ʪʘʢ ʢʘʢ ʦʥʠ ʜʘʶʪ ʚʦʟʤʦʞʥʦʩʪʴ 

ʩʦʟʜʘʪʴ ʘʥʠʤʠʨʦʚʘʥʥʳʝ ʤʦʜʝʣʠ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ, ʟʘʜʘʚʘʪʴ ʧʘʨʘʤʝʪʨʳ ʪʨʘʥʩʧʦʨʪʥʳʭ 

ʧʦʪʦʢʦʚ ʠ ʪ.ʜ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ ʩʪʝʢ ʪʝʭʥʦʣʦʛʠʡ ʢʦʪʦʨʳʝ ʤʳ ʚʳʙʨʘʣʠ, ʙʫʜʝʪ ʩʧʦʩʦʙʝʥ ʧʦʣʫʯʠʪʴ 

ʥʝʦʙʭʦʜʠʤʳʡ ʙʘʣʘʥʩ ʤʝʞʜʫ ʩʣʦʞʥʦʩʪʴʶ ʚ ʨʘʟʨʘʙʦʪʢʝ ʤʦʜʝʣʠ ʠ ʨʝʘʣʠʩʪʠʯʥʦʩʪʴʶ 

ʜʝʤʦʥʩʪʨʘʮʠʦʥʥʦʡ ʤʦʜʝʣʠ. 

ʄʝʪʦʜʦʣʦʛʠʷ. ʄʦʜʝʣʠʨʦʚʘʥʠʝ ʜʚʠʞʝʥʠʷ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠ ʨʘʙʦʪʳ 

ʩʚʝʪʦʬʦʨʦʚ ʧʦʩʪʨʦʝʥʳ ʥʘ ʧʨʠʥʮʠʧʘʭ ʜʠʩʢʨʝʪʥʦʛʦ ʚʨʝʤʝʥʠ ʪʦ ʝʩʪʴ ʠʜʸʪ ʩʠʥʭʨʦʥʠʟʘʮʠʷ ʩ 

ʢʘʜʨʦʚʳʤ ʮʠʢʣʦʤ Pygame. 

ʅʘ ʢʘʞʜʦʤ ɻ ʪʘʧʝ ʧʨʠ ʦʙʥʦʚʣʝʥʠʠ ʧʨʦʠʟʚʦʜʠʪʩʷ ʚʳʯʠʩʣʝʥʠʝ ʧʨʠʙʘʚʣʝʥʠʷ ʚʨʝʤʝʥʠ, ʘ 

ʟʘʪʝʤ ʧʨʦʠʩʭʦʜʠʪ ʦʙʥʦʚʣʝʥʠʝ ʩʦʩʪʦʷʥʠʡ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠ ʩʚʝʪʦʬʦʨʦʚ. 

ʇʨʠʥʮʠʧ ʨʘʙʦʪʳ ʩʠʤʫʣʷʮʠʠ ʜʚʠʞʝʥʠʷ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʪʦʤ ʯʪʦ 

ʘʚʪʦʤʦʙʠʣʴ ʧʨʠ ʦʪʩʫʪʩʪʚʠʠ ʢʘʢʠʭ-ʣʠʙʦ ʦʛʨʘʥʠʯʝʥʠʡ ʨʘʟʛʦʥʷʝʪʩʷ. 

ɺ ʢʘʯʝʩʪʚʝ ʦʛʨʘʥʠʯʝʥʠʡ ʤʦʛʫʪ ʙʳʪʴ ʩʪʦʧ-ʣʠʥʠʷ ʧʨʠ ʟʘʧʨʝʱʘʶʱʝʤ ʩʠʛʥʘʣʝ 

ʩʚʝʪʦʬʦʨʘ, ʣʠʙʦ ʚʧʝʨʝʜʠ ʜʚʠʞʫʱʝʝʩʷ ʪʨʘʥʩʧʦʨʪʥʦʝ ʩʨʝʜʩʪʚʦ. ʇʨʠʙʣʠʞʘʷʩʴ ʢ ʧʨʝʧʷʪʩʪʚʠʶ 

ʪʨʘʥʩʧʦʨʪʥʦʝ ʩʨʝʜʩʪʚʦ ʦʩʪʘʥʘʚʣʠʚʘʝʪʩʷ. 

ʇʨʠ ʨʘʟʨʝʰʘʶʱʝʤ ʩʠʛʥʘʣʝ ʩʚʝʪʦʬʦʨʘ ʪʨʘʥʩʧʦʨʪʥʦʝ ʩʨʝʜʩʪʚʦ ʧʨʦʜʦʣʞʘʝʪ ʜʚʠʞʝʥʠʝ, 

ʧʝʨʝʩʝʢʘʷ ʩʪʦʧ ʣʠʥʠʶ. 

ʂʦʣʠʯʝʩʪʚʦ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʧʝʨʝʜ ʩʪʦʧ ʣʠʥʠʝʡ ʦʧʨʝʜʝʣʷʝʪʩʷ ʢʘʢ ʦʯʝʨʝʜʴ. 

ɺ ʪʨʘʥʩʧʦʨʪʥʦʡ ʤʦʜʝʣʠ ʦʯʝʨʝʜʴ ʟʘʜʘʸʪʩʷ ʟʥʘʯʝʥʠʝʤ ʨʘʩʩʪʦʷʥʠʷ ʧʝʨʝʜ ʩʪʦʧ ʣʠʥʠʝʡ. 

ʊʘʢʠʤ ʚʠʜʠʪʩʷ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʜʝʪʝʢʪʦʨʘ, ʢʘʢ ʠ ʚ ʨʝʘʣʴʥʳʭ ʫʩʣʦʚʠʷʭ ʜʘʪʯʠʢʠ 

ʧʨʠʩʫʪʩʪʚʠʷ ʘʥʘʣʠʟʠʨʫʶʪ ʥʘʣʠʯʠʝ ʠ ʩʦʩʪʦʷʥʠʝ ʪʨʘʥʩʧʦʨʪʥʦʡ ʦʯʝʨʝʜʠ ʧʨʠ ʧʦʜʭʦʜʘʭ ʢ 

ʧʝʨʝʩʝʯʝʥʠʶ ʠ ʦʮʝʥʠʚʘʶʪ ʝʛʦ ʟʘʛʨʫʞʝʥʥʦʩʪʴ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʧʨʦʠʩʭʦʜʠʪ ʦʮʝʥʢʘ ʟʘʛʨʫʟʢʠ ʥʘʧʨʘʚʣʝʥʠʷ ʠ ʩ ʧʦʤʦʱʴʶ ʘʜʘʧʪʠʚʥʦʛʦ 

ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʧʨʠʥʠʤʘʝʪʩʷ ʨʝʰʝʥʠʝ ʦ ʧʨʦʜʣʝʥʠʠ ʣʠʙʦ ʧʝʨʝʢʣʶʯʝʥʠʷ ʬʘʟʳ ʨʝʛʫʣʠʨʦʚʘʥʠʷ. 

 

ɿʘʢʣʶʯʝʥʠʝ. ɺ ʭʦʜʝ ʚʳʧʦʣʥʝʥʠʷ ʨʘʙʦʪʳ ʙʳʣʘ ʨʘʩʩʤʦʪʨʝʥʘ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ 

ʧʦʪʦʢʘʤʠ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʥʘ ʧʝʨʝʢʨʸʩʪʢʘʭ ʩʦ ʩʚʝʪʦʬʦʨʥʳʤ ʨʝʛʫʣʠʨʦʚʘʥʠʝʤ ʠ 

ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʥʦ ʯʪʦ ʧʨʠʤʝʥʝʥʠʝ ʬʠʢʩʠʨʦʚʘʥʥʳʭ ʮʠʢʣʦʚ ʩʚʝʪʦʬʦʨʥʦʛʦ 

ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʥʝ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʧʦʣʥʝʥʠʝ ʟʘʜʘʥʥʳʭ ʟʥʘʯʝʥʠʡ ʧʨʦʧʫʩʢʥʦʡ ʩʧʦʩʦʙʥʦʩʪʠ 

ʧʨʠ ʘʜʘʧʪʠʚʥʳʭ ʧʘʨʘʤʝʪʨʦʚ ʪʨʘʥʩʧʦʨʪʥʦʛʦ ʧʦʪʦʢʘ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʥʘ ʦʩʥʦʚʝ ʨʘʩʩʤʦʪʨʝʥʠʷ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ, ʘ ʪʘʢʞʝ ʠʟʫʯʝʥʠʷ 

ʧʨʠʥʮʠʧʦʚ ʘʜʘʧʪʠʚʥʦʛʦ ʨʝʛʫʣʠʨʦʚʘʥʠʷ ʥʘʤʠ ʙʳʣʘ ʩʬʦʨʤʫʣʠʨʦʚʘʥʘ ʮʝʣʴ ʠ ʦʧʨʝʜʝʣʝʥʳ 

ʟʘʜʘʯʠ ʨʘʟʨʘʙʦʪʢʠ ʠʤʠʪʘʮʠʦʥʥʦʡ ʤʦʜʝʣʠ, ʢʦʪʦʨʘʷ ʦʨʠʝʥʪʠʨʦʚʘʥʘ ʥʘ ʧʨʠʥʮʠʧʳ ʨʘʙʦʪʳ 

çʫʤʥʦʛʦè ʩʚʝʪʦʬʦʨʘ. 

 

ɺ ʭʦʜʝ ʨʝʘʣʠʟʘʮʠʠ ʧʨʦʝʢʪʘ ʙʳʣʦ ʨʘʟʨʘʙʦʪʘʥʦ ʧʨʦʛʨʘʤʤʥʦʝ ʦʙʝʩʧʝʯʝʥʠʝ ʥʘ ʷʟʳʢʝ 

ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ Python ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʬʨʝʡʤʚʦʨʢʘ Pygame. 



70  

 
ʉʜʝʣʘʥʘ ʚʠʟʫʘʣʴʥʘʷ ʩʨʝʜʘ ʧʝʨʝʩʝʯʝʥʠʡ ʩ ʚʦʟʤʦʞʥʦʩʪʴʶ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʧʦʪʦʢʦʚ 

ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʧʦ ʚʩʝʤ ʯʝʪʳʨʸʤ ʥʘʧʨʘʚʣʝʥʠʷʤ ʥʘ ʦʩʥʦʚʝ ʧʨʘʚʠʣ ʜʦʨʦʞʥʦʛʦ 

ʜʚʠʞʝʥʠʷ, ʢʨʠʪʝʨʠʝʚ ʬʦʨʤʠʨʦʚʘʥʠʷ ʧʦʪʦʢʦʚ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠ ʦʩʪʘʥʦʚʢʘʤʠ 

ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʧʝʨʝʜ ʩʪʦʧ ʣʠʥʠʷʤʠ ʧʨʠ ʢʨʘʩʥʦʤ ʩʠʛʥʘʣʝ ʩʚʝʪʦʬʦʨʘ. ɹʳʣʘ 

 
ʨʝʘʣʠʟʦʚʘʥʘ ʤʦʜʝʣʴ ʩʚʝʪʦʬʦʨʥʦʛʦ ʦʙʲʝʢʪʘ, ʚʢʣʶʯʘʶʱʘʷ ʪʘʢʞʝ ʧʝʨʝʭʦʜʥʳʝ ʠʥʪʝʨʚʘʣʳ, 

ʢʦʪʦʨʳʝ ʦʙʝʩʧʝʯʠʚʘʶʪ ʧʨʘʚʠʣʴʥʦʝ ʧʝʨʝʢʣʶʯʝʥʠʝ ʬʘʟʳ ʨʝʛʫʣʠʨʦʚʘʥʠʷ. ɻʨʘʬʠʯʝʩʢʘʷ 

ʠʥʪʝʨʧʨʝʪʘʮʠʷ ʧʨʠʚʝʜʝʥʘ ʥʘ ʨʠʩʫʥʢʝ 1.2. 
 

 

ʈʠʩʫʥʦʢ 1.2 ï ɿʘʚʠʩʠʤʦʩʪʴ ʚʨʝʤʝʥʠ ʫʙʳʪʠʷ ʩ ʆʇ ʦʪ ʜʝʡʩʪʚʫʶ ʱʠʭ ʬʘʢʪʦʨʦʚ 
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ʀʥʪʝʛʨʘʮʠʷ ʥʦʚʳʭ ʪʝʭʥʦʣʦʛʠʡ, ʨʘʟʚʠʪʠʝ ʦʙʱʝʩʪʚʝʥʥʦʛʦ ʪʨʘʥʩʧʦʨʪʘ ʠ ʘʢʪʠʚʥʦʝ 

ʫʯʘʩʪʠʝ ʛʨʘʞʜʘʥ ʚ ʧʨʦʮʝʩʩʝ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ - ʚʦʪ ʦʩʥʦʚʥʳʝ ʢʦʤʧʦʥʝʥʪʳ ʫʩʧʝʰʥʦʡ 

ʩʪʨʘʪʝʛʠʠ ʨʘʟʚʠʪʠʷ ʜʦʨʦʞʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ, ʥʘʧʨʘʚʣʝʥʥʦʡ ʥʘ ʩʦʟʜʘʥʠʝ ʙʝʟʦʧʘʩʥʦʡ, 

ʫʜʦʙʥʦʡ ʠ ʵʢʦʣʦʛʠʯʝʩʢʠ ʯʠʩʪʦʡ ʛʦʨʦʜʩʢʦʡ ʩʨʝʜʳ. 

ʈʘʟʨʘʙʘʪʳʚʘʝʤʘʷ ʠʤʠʪʘʮʠʦʥʥʘʷ ʤʦʜʝʣʴ ʭʦʪʴ ʠ ʥʝ ʟʘʥʠʤʘʝʪʩʷ ʫʧʨʘʚʣʝʥʠʝʤ 

ʨʝʘʣʴʥʳʤʠ ʩʚʝʪʦʬʦʨʘʤʠ, ʥʦ ʪʝʤ ʥʝ ʤʝʥʝʝ ʦʥʘ ʜʘʸʪ ʚʦʟʤʦʞʥʦʩʪʴ ʜʝʤʦʥʩʪʨʘʮʠʠ ʠ ʘʥʘʣʠʟʘ, 

ʢʦʪʦʨʳʝ ʥʘʧʨʷʤʫʶ ʩʚʷʟʘʥʳ ʩ ʙʝʟʦʧʘʩʥʦʩʪʴʶ ʜʦʨʦʞʥʦʛʦ ʜʚʠʞʝʥʠʷ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ ʠʤʠʪʘʮʠʦʥʥʘʷ ʤʦʜʝʣʴ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʯʪʦ ʩʥʠʞʝʥʠʝ ʦʯʝʨʝʜʝʡ 

ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠ ʩʥʠʞʝʥʠʝ ʚʨʝʤʝʥʠ ʥʘ ʧʨʦʝʟʜ ʧʝʨʝʩʝʯʝʥʠʷ, ʘ ʪʘʢʞʝ ʩʥʠʞʝʥʠʝ 

ʚʝʨʦʷʪʥʦʩʪʠ ʢʨʠʪʠʯʝʩʢʠʭ ʤʘʥʸʚʨʦʚ ʪʨʘʥʩʧʦʨʪʥʳʭ ʩʨʝʜʩʪʚ ʠʤʝʝʪ ʤʝʩʪʦ ʙʳʪʴ. 

 

 

 

 

 

ɺʳʚʦʜ ʨʝʟʫʣʴʪʘʪʦʚ ʚʨʝʤʝʥʠ ʚ ʧʫʪʠ. ɺ ʨʘʙʦʪʝ ʧʨʝʜʣʦʞʝʥʘ ʘʨʭʠʪʝʢʪʫʨʘ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʩʠʩʪʝʤʳ ʫʧʨʘʚʣʝʥʠʷ ʩʚʝʪʦʬʦʨʘʤʠ, ʦʩʥʦʚʘʥʥʘʷ ʥʘ ʛʣʫʙʦʢʦʤ ʦʙʫʯʝʥʠʠ ʩ 

ʧʦʜʢʨʝʧʣʝʥʠʝʤ. ʈʘʟʨʘʙʦʪʘʥʥʳʡ ʧʨʦʛʨʘʤʤʥʳʡ ʢʦʤʧʣʝʢʩ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʩʫʱʝʩʪʚʝʥʥʦʝ 

ʫʣʫʯʰʝʥʠʝ ʢʣʶʯʝʚʳʭ ʧʦʢʘʟʘʪʝʣʝʡ ʜʦʨʦʞʥʦʛʦ ʜʚʠʞʝʥʠʷ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʪʨʘʜʠʮʠʦʥʥʳʤʠ 

ʤʝʪʦʜʘʤʠ ʨʝʛʫʣʠʨʦʚʘʥʠʷ. ɼʘʣʴʥʝʡʰʠʝ ʠʩʩʣʝʜʦʚʘʥʠʷ ʙʫʜʫʪ ʥʘʧʨʘʚʣʝʥʳ ʥʘ ʠʥʪʝʛʨʘʮʠʶ 

ʢʦʤʧʴʶʪʝʨʥʦʛʦ ʟʨʝʥʠʷ ʜʣʷ ʦʙʥʘʨʫʞʝʥʠʷ ʦʙʲʝʢʪʦʚ ʚ ʨʝʞʠʤʝ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ, ʘ ʪʘʢʞʝ ʥʘ 

ʦʙʫʯʝʥʠʝ ʤʥʦʛʦʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʜʣʷ ʢʦʦʨʜʠʥʠʨʦʚʘʥʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʮʝʣʳʤʠ ʛʦʨʦʜʩʢʠʤʠ 

ʩʝʪʷʤʠ ʧʝʨʝʢʨʸʩʪʢʦʚ. 
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Abstract 

This article presents a compact description and pilot evaluation of a domain-specific 

question-answering system for alkaloid chemistry. The system follows a retrieval-

augmented generation (RAG) design in which a curated corpus of open scientific 

literature is processed with chemistry-aware normalization, indexed with hybrid 

lexicalïsemantic retrieval, summarized in a query-focused manner, and passed to a 

large language model for citation-grounded answer generation. The retrieval layer 

combines TF-IDF representations with ChemBERTa embeddings to balance exact 

matching of chemical terms with semantic similarity. Chemical named entities and 

formulas are protected during preprocessing so that domain-specific terminology is not 

degraded by generic normalization. A pilot evaluation on representative alkaloid 

questions shows strong retrieval per-formance (Hit@5 = 1.00, nDCG@5 = 0.919) and 

mostly correct citation grounding (0.72). The results indicate that carefully 

constrained RAG pipelines can improve traceability and reduce hallucination risk in 

specialized chemistry question answering. 

 
INTRODUCTION  

Alkaloids are nitrogen-containing organic compounds with major importance in 

medicine, agricul-ture, and biochemistry. Their uses include analgesia, antimalarial therapy, 

and many other biological applications, yet information about their properties, biosynthesis, 

and synthetic transformations is dis-tributed across thousands of articles and textbooks. This 

fragmentation makes literature search slow for researchers and students, especially when 

queries involve specialized names, formulas, mechanisms, or experimental context. The 

continuing growth of alkaloid research further increases the need for tools that can locate, 

condense, and cite relevant evidence efficiently [1, 2]. 

This work describes a question-answering system tailored to alkaloid chemistry. The goal is 

not to replace expert judgment, but to assist literature exploration by producing concise answers 

that remain grounded in retrieved sources. Compared with general-purpose language models, the 

proposed system narrows the knowledge domain, retrieves supporting documents before 

generation, preserves chemical terminology during preprocessing, and requires citations in 

generated answers. These design choices address a central weakness of large language models in 

scientific settings: fluent but unsupported or incorrect statements [3]. 

The complete pipeline is shown in Figure 1. The main contribution is an end-to-end 

architecture that combines chemistry-aware preprocessing, hybrid retrieval, query-focused 

extractive summariza-tion, and citation-constrained generation. Optional entity-based 

boosting is implemented but disabled by default so that retrieval is governed primarily by 

balanced semantic and lexical similarity. 

mailto:serikbai@kbtu.kz
mailto:i.akhmetov@ipic.kz
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Figure 1: Overview of the domain-adapted question-answering pipeline for alkaloid 

chemistry 

RELATED  WORK  

Scientific question answering requires methods that can handle domain vocabulary, 

ambiguous termi-nology, and the need for verifiable evidence. In chemistry and 

biomedicine, systems such as Chem-DataExtractor and SciSpaCy demonstrate the value of 

specialized text processing for entities, formulas, and scientific language [4, 5]. Transformer 

models trained on scientific text, including SciBERT and ChemBERTa, further improve 

representation of technical terms and chemical context [6, 7, 8]. 

Retrieval-augmented generation is especially suitable for scientific domains because the 

document collection can be updated without retraining the language model [9]. Hybrid 

retrieval is also important: sparse methods such as TF-IDF or BM25 capture exact chemical 

names and formulas, while dense embeddings retrieve semantically related passages when 

wording differs [10]. Knowledge graphs and model fine-tuning are useful alternatives, but 

they require either costly curation or retraining when new literature is added [11]. The 

proposed system therefore uses text-based hybrid retrieval and controlled generation to 

emphasize scalability and traceability. 

 
METHODOLOGY  

1.1 Corpus and Preprocessing 

The corpus consists of 7 selected books and 5813 scientific articles from PubMed 

Central and Chem-Rxiv. The books cover organic chemistry, stereochemistry, heterocyclic 

chemistry, and alkaloid-specific background, including standard references by Clayden, 

Klein, Smith and March, Carey and Sundberg, Eliel and Wilen, Joule and Mills, and 

Aniszewski [12, 13, 14, 15, 16, 17, 18]. Articles were collected by querying for alkaloid-

related terms, extracting metadata, resolving available full-text records, and downloading 

open-access PDFs. 

Documents are converted to text, cleaned, and split into chunks suitable for retrieval. 

The pre-processing is chemistry-aware: chemical formulas, abbreviations, and recognized 

entities are protected before generic normalization. This prevents transformations that would 

damage terms such as stere-ochemical descriptors, molecular formulas, or compound names. 

A custom lemmatization stage nor-malizes ordinary English words while preserving 

protected chemical tokens. 

1.2 Hybrid  Retrieval 

Each document chunk is represented in two ways. First, a sparse TF-IDF vector captures 

exact lexical overlap with the query. Second, a dense ChemBERTa embedding captures 

semantic similarity in chemical language. At search time, both similarity scores are 

normalized and combined into a hybrid ranking score. This design supports queries that 

require exact compound matching as well as queries that use broader conceptual phrasing. 
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The system can optionally boost chunks that contain chemical entities matching the 

query. How-ever, this mechanism is disabled in the default configuration because aggressive 

entity boosting may over-prioritize exact mentions and reduce the contribution of semantic 

context. The default retrieval therefore uses a balanced lexicalïsemantic score. 
1.3 Summarization and Answer Generation 

The top retrieved chunks are passed to a query-focused extractive summarizer. The 

summarizer selects sentences that are both relevant to the query and chemically informative, 

while preserving references to figures, schemes, tables, and source identifiers when present. 

This step reduces prompt length and removes unrelated text before generation. 

The final answer is produced by a large language model using a strict prompt. The model 

is instructed to answer only from retrieved summaries, cite the supporting source for factual 

claims, and avoid unsupported speculation. If  the evidence is insufficient, the system should 

state the limitation rather than invent an answer. These controls are intended to reduce 

hallucinations and improve auditability. 
EVALUATION  AND RESULTS 

The pilot evaluation used 12 representative questions covering biosynthesis, reaction 

mechanisms, pharmacological properties, and structureïactivity relationships. Reference 

answers were prepared manually by domain experts from authoritative sources in the corpus. 

Retrieval quality was evaluated using Hit@5 and nDCG@5, while answer quality was 

assessed using ROUGE, BERTScore, citation correctness, and expert qualitative review. 

The hybrid retrieval configuration achieved Hit@5 = 1.00 and nDCG@5 = 0.919, 

indicating that relevant evidence was consistently retrieved and usually ranked near the top. 

Citation correctness reached 0.72, showing that most generated answers cited appropriate 

supporting documents. The mean runtime was 3.1 seconds per query in the pilot setting. 

Expert review found that answers were generally coherent and scientifically reliable for the 

evaluated questions, especially when the relevant evidence appeared explicitly in retrieved 

chunks. 

The strongest results were observed for questions about well-documented compounds, 

known biosynthetic pathways, and clearly described reactions. Weaker cases appeared when 

answers re-quired interpretation of figures, schemes, tables, or implicit experimental context 

not fully represented in extracted text. These cases motivate future work on multimodal 

document understanding and claim-level verification. 
THREATS TO VALIDITY  AND LIMITATIONS  

The evaluation is preliminary. The test set is small, and the questions may not capture 

the full  diversity of alkaloid chemistry queries. Reference answers were prepared by experts, 

but expert judgment may still introduce subjectivity. The corpus is limited to selected books 

and open-access literature from PubMed Central and ChemRxiv; therefore, important 

paywalled or database-only information may be missing. 

The current system processes full  text but does not understand chemical structures, 

reaction schemes, or figures as visual objects. It also lacks systematic baseline 

comparisons against BM25-only, dense-only, and general-purpose RAG configurations. 

Computational scalability has not been fully profiled beyond the pilot setting. Finally, the 

system does not yet implement explicit uncertainty calibration, automatic refusal for all out-

of-domain questions, or automated claim-level fact checking. Future work should expand the 

evaluation set, add stronger baselines, integrate structured chem-istry databases such as 

PubChem or ChemSpider, and incorporate multimodal extraction for chemical diagrams and 

reaction schemes. Larger-scale testing would also clarify how retrieval latency and answer 

quality change as the corpus grows. 
ETHICS AND SAFETY CONSIDERATIONS 

Chemistry question-answering systems can produce incorrect or incomplete information 

about syn-thesis, safety, mechanisms, or compound properties. Such errors may create 

practical risks if  users apply generated text directly in laboratory settings. For this 
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reason, the system should be used as an assistive literature-search tool rather than an 

authoritative source of experimental instructions. 

Users must verify outputs against primary literature, safety data, and expert guidance 

before applying any chemical information. The citation mechanism supports this verification 

but does not guarantee that every generated claim is correct. The system may also raise dual-

use concerns if  applied to hazardous or controlled substances; responsible deployment should 

include appropriate access controls, monitoring, and compliance with relevant regulations. 

Query logs and generated responses may contain sensitive research information, so privacy 

and data-handling policies should be clearly communicated. 

 
CONCLUSION 

This paper presented a domain-specific RAG pipeline for question answering in alkaloid 

chemistry. The system combines chemistry-aware preprocessing, hybrid TF-IDF and 

ChemBERTa retrieval, query-focused extractive summarization, and citation-grounded answer 

generation. A pilot evaluation showed strong retrieval performance and promising citation 

correctness, suggesting that constrained RAG systems can support transparent literature 

exploration in specialized scientific domains. 

The approach remains limited by corpus coverage, small-scale evaluation, lack of 

multimodal un-derstanding, and the absence of full uncertainty and claim-verification 

mechanisms. Nevertheless, the architecture is adaptable: by replacing the corpus and domain 

resources, the same design can be transferred to other subfields of chemistry or related scientific 

areas. 
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Abstract. In Industry 4.0, Digital Twins and IIoT platforms have transformed asset monitoring. 

However, conventional dispatch systems create an operational "information gap," forcing on-site 

engineers to split cognitive attention between physical machinery and two-dimensional screens. This paper 

addresses this spatial data separation by evaluating Augmented Reality (AR) frameworks to unify physical 

environments with telemetry. A comparative analysis was executed across native environments (Unity 

3D/Vuforia) and web-based standards (WebAR via A-Frame/AR.js) across key technical criteria, including 

deployment barriers, dispatch integration, and cross-platform compatibility. To validate the browser-based 

approach, a zero-install WebAR software module was developed. The architecture leverages WebRTC for 

camera streams and WebGL for real-time graphics. Testing was performed using heavy industrial 

simulation infrastructure (a chocolate production tank) and textured organic assets stabilized over high-

contrast fiducial pattern markers. The results demonstrate that the declarative framework successfully 

shifts matrix transformations and spatial rotations to the mobile GPU, maintaining a stable frame rate and 

eliminating latency via asynchronous asset pre-rendering. A web-oriented AR framework combined with 

contrast-resilient markers circumvents the deployment and integration bottlenecks inherent to native apps. 

It provides an economically scalable, cross-platform architecture that effectively bridges the industrial 

information gap. 

Keywords: Augmented Reality, WebAR, Digital Twins, Industry 4.0, Data Visualization. 

 

Introduction. In the era of the global industrial transformation driven by Industry 4.0, the 

concept of "Digital Twins" and the sensory networks of the Industrial Internet of Things (IIoT) 

have become foundational for monitoring physical assets [1]. Integrating multi-source data 

parameters into cognitive virtual representations optimizes diagnostic tracking [2]. However, in 

the operational practices of most modern enterprises, a fundamental conceptual challenge remains 

ð the "information gap" [3]. Telemetric data and analytics are traditionally displayed as two-

dimensional graphs on monitors in central control rooms (SCADA systems), whereas the 

machinery is physically located on the production floor. 

A maintenance engineer performing on-site inspection or repair is forced to constantly split 

cognitive attention between the physical equipment and the monitoring interface [4]. This division 

of attention doubles the cognitive load and significantly increases the probability of human error 

during stressful or emergency situations. The optimal solution to this spatial separation of data is 

Augmented Reality (AR) technology, which acts as a bridge connecting the physical and virtual 

infrastructure of an enterprise, expanding the visual feedback loop for food processing and 

industrial pipelines [5]. 

Methodology. To identify the most viable architectural framework for displaying spatial 

interfaces, a comprehensive comparative analysis of two primary approaches was conducted: 

native applications and web-based technologies. 

1. Limitations of Native Applications: In the initial phase of development, a prototype 

was engineered using the Unity 3D engine combined with the Vuforia computer vision module to 

bind virtual objects to physical markers [4]. While this native approach delivered high graphical 

fidelity and stable coordinate tracking, its deployment across a real production scale revealed 

severe operational barriers: 

o Deployment Barrier: Compiling separate installation packages for iOS and 

Android, followed by the manual installation and continuous updating of large application binaries 

on hundreds of corporate devices, creates an unsustainable burden on IT support teams. 

o Integration Complexity: Industrial monitoring platforms (e.g., Grafana, InfluxDB) 

communicate via standard web protocols. Transferring a continuous stream of telemetry from 

mailto:nurgazytomiris@gmail.com
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closed databases into a proprietary Unity environment requires writing complex middleware in C#, 

leading to signal transmission latency and architectural overcomplication. 

2. The WebAR Paradigm: To bypass these infrastructure bottlenecks, the research 

vector shifted toward browser-based solutions. WebAR technology enables the execution of 

augmented reality scenarios directly within native mobile browsers without requiring any pre-

installation. Graphical rendering is managed by the WebGL standard, and hardware camera access 

is organized securely via the WebRTC protocol. The declarative framework A-Frame [6] 

combined with the AR.js computer vision library [7] was selected as the optimal technological 

stack. 

To systematize the methodological evaluation, a comprehensive comparative matrix was 

established across seven key criteria, as presented in Table 1. 

 

Table 1 ð Comparative Analysis of AR Development Platforms 
Evaluation 

Criteria 

Smart AR Glasses Native Systems (Unity / 

Vuforia) 

Web-Based Systems 

(WebAR) 

Hardware 

Dependency 

Requires specialized, 

high-cost AR eyewear. 

Requires high-performance 

smartphones or tablets. 

Accessible on any standard 

mobile device with a camera. 

Deployment 

Barrier 

High. Requires manual 

device configuration 

and long-term staff 

training. 

Medium. Requires 

downloading heavy software 

binaries onto each device. 

Zero. Instant access via 

scanning a QR code or 

clicking a web link. 

Dispatch 

System 

Integration 

Extremely complex7 

Requires specialized 

APIs and data 

conversion. 

Complex. Requires C# 

middleware to bridge 

external databases. 

Seamless. Native HTML/JS 

stack allows direct 

communication with cloud 

systems  via  standard  web 
requests. 

Security & 

Compliance 

Dependent entirely on 

device-level protection 

and corporate IT 

policies. 

Security certificates must be 

manually compiled into the 

app. Delayed updates 

introduce vulnerabilities. 

Protected by rigid web 

standards (HTTPS, Cloudflare 

tunnels, and isolated iframes). 

Scalability & 

Updates 

Each physical headset 

must be updated 

individually. 

Requires recompilation and 

redistribution of the app 

package to every user. 

Instantaneous. Updates 

deployed on the server side are 

immediately active for all end-

users. 

Rendering 

Capabilities 

High, due to dedicated 

built-in 3D processors. 

High, direct access to the 

mobile GPU. 

Medium. WebGL constraints 

require  strict  polygon  and 
texture optimization. 

Edge 

Computing 

Heavy computational 

tracking rapidly drains 

the headset battery. 

Utilizes the full 

computational power and 

RAM of the physical device. 

Capable of processing local 

anomalies in RAM via 

JavaScript without constant 

network calls. 

Cross-Platform 

Compatibility 

Limited to the specific 

operating system of the 

headset vendor. 

Requires separate code 

adaptation and builds for iOS 

and Android. 

Absolute. Functions stably 

across any modern browser on 

any operating system. 

 

Results. The practical validation of the research resulted in the development of a fully 

functional cross-platform WebAR module that implements a Zero-Install architecture. In place of 

raw code compilation, the structural design relies on high-level declarative components that 

execute real-time spatial rendering directly via the device's GPU. 

The module's capability to parse and render complex objects is demonstrated using two 

separate classes of 3D assets: 
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Å Industrial Simulation Assets: The system is engineered to seamlessly load and animate 

heavy equipment components such as the industrial tank model explored during the Unity phase 

shown in Figure 1. 
 

Figure 1 - Experimental prototype of a native application in Unity and Vuforia 

 

Å Consumer/Product Simulation Assets: To verify the engine's versatility in rendering highly 

organic shapes and complex baked textures under the same architectural framework, experimental 

runs were performed using detailed models of traditional culinary items and fruits [5]. 

The practical outcome of this browser execution is captured in Figure 2. As shown in Figure 

2a, the mobile web interface successfully displays a high-polygon model of traditional baked goods 

(baursaks) in a dedicated virtual rendering container. Similarly, Figure 2b displays the real-time 

tracking and zero-latency rendering of a textured fruit asset (tangerine) stabilized squarely over a 

physical black fiducial pattern marker using the live mobile browser stream. 
 

Figure 2 ï Cross-platform WebAR deployment results running seamlessly via a mobile web browser: (a) 

Real-time high-polygon rendering and tracking container for traditional baked goods (baursaks); (b) Low-

latency stabilization of a textured fruit asset (tangerine) over a physical fiducial pattern marker 

 

The functional layout of the developed system architecture is organized into three distinct 

layers as detailed in Figure 3: 
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Figure 3 ï Structural architecture of the developed web-oriented AR framework, demonstrating the 

decoupling of web rendering, tracking computation, and asset caching layers 

 

The engineering results of this implementation demonstrate several key outcomes: 

Å Asynchronous Asset Optimization: By setting strict asset load timeouts within the browser 

environment, the system pre-renders and caches lightweight binary glTF/.glb models before 

displaying them [8]. This prevents interface freezing and minimizes data consumption spikes over 

local cellular networks. 

Å Matrix Scaling Adaptation: The module successfully isolates scaling logic within the 

client-side rendering engine. Objects of vastly different physical dimensions, such as small items 

like a tangerine versus larger structural models like a steak or traditional bakery products like 

baursaks, are dynamically scaled via transformation matrices [9]. This eliminates the need to 

manually re-export or recalculate polygonal meshes within external 3D software like Blender. 

Å GPU-Accelerated Transformations: By leveraging declarative animation components, 

quaternion and rotational calculations are processed directly through WebGL. Shifting this 

mathematical workload from the CPU Main Thread to the integrated mobile GPU maintains a 

stable frame rate (FPS) even when the user moves rapidly around the tracking area. 

Discussion. The analysis of the experimental data establishes a clear correlation between the 

type of spatial marker selected and the overall stability of the augmented layer. The research 

evaluated three distinct tracking methodologies: arbitrary image tracking, traditional QR codes, 

and fiducial pattern markers. 

While arbitrary images are visually non-disruptive, the underlying computer vision 

algorithms must constantly extract high-contrast feature points. Under changing industrial lighting 

conditions, the presence of dust, or deep shadows, this approach suffers from high tracking loss, 

leading to "jitter"  in the 3D overlay. Traditional QR codes excel at data density but fail to maintain 

stable 3D geometric orientation at sharp viewing angles or long distances because the lens loses 

focus on the fine pixels of the code matrix. 

Conversely, fiducial pattern markers, characterized by simple geometric shapes enclosed in a 

thick, solid black border (as practically demonstrated in the tracking routine shown in Figure 2b), 

proved to be the most resilient choice for industrial environments [10]. The high-contrast black 

frame allows the tracking algorithm to instantly calculate spatial vectors, tilt angles, and 

quaternions under low-light conditions or surface contamination. Because the mathematical 

computation is highly simplified, it drastically reduces the processing overhead on the mobile 

CPU, making WebAR viable on mid-range and low-tier corporate devices. 

Conclusion. The integration of conceptual analysis and practical software engineering 

demonstrates that a web-oriented AR architecture effectively bridges the "information gap" in 

industrial monitoring. By eliminating the deployment and maintenance barriers inherent to native 
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mobile applications, WebAR offers an economically efficient and highly scalable deployment 

model. 

Laboratory testing conducted on physical prototypes fabricated via 3D printing confirmed 

that combining web-based rendering with fiducial pattern markers compensates for the hardware 

limitations of mobile browsers. The resulting system ensures stable coordinate retention and real-

time visualization of data directly in the physical context of the machinery, establishing a robust 

foundation for next-generation industrial dashboards. 
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ɸɼɸʇʊʀɺʅʓʁ ʇʈʆʄʇʊʀʅɻ: ʆʇʊʀʄʀɿɸʎʀʗ ʇʆɺɽɼɽʅʀʗ ʗɿʓʂʆɺʓʍ 

ʄʆɼɽʃɽʁ ʏɽʈɽɿ ʂʆɻʅʀʊʀɺʅʋʖ ɼʀɸɻʅʆʉʊʀʂʋ ɼʃʗ ʇɽɼɸɻʆɻʀʏɽʉʂʆʁ 

ʇʆɼɼɽʈɾʂʀ ɺ STEM-ʆɹʈɸɿʆɺɸʅʀʀ 

ɸʡʜʳʥʫʣʳ ɸ.*, ᴄʜʽʣץʳʟʳ ʐ., ʊʦʡʛʘʥʙʘʝʚʘ ʅ., ɸʤʠʨʭʘʥʦʚʘ ɻ., ɾʘʡʩʘʥʦʚʘ ɼ. 

ʂʘʟʘʭʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

ɸʥʥʦʪʘʮʠʷ. ʉʪʘʪʴʷ ʧʦʩʚʷʱʝʥʘ ʟʘʜʘʯʝ ʫʧʨʘʚʣʝʥʠʷ ʧʦʚʝʜʝʥʠʝʤ ʙʦʣʴʰʠʭ ʷʟʳʢʦʚʳʭ ʤʦʜʝʣʝʡ 

(LLM) ʚ ʫʯʝʙʥʦʡ ʩʨʝʜʝ. ʇʨʠ ʩʚʦʙʦʜʥʦʤ ʠʩʧʦʣʴʟʦʚʘʥʠʠ LLM ʩʪʫʜʝʥʪ, ʢʘʢ ʧʨʘʚʠʣʦ, ʧʦʣʫʯʘʝʪ ʛʦʪʦʚʦʝ 

ʨʝʰʝʥʠʝ, ʤʠʥʫʷ ʩʘʤʦʩʪʦʷʪʝʣʴʥʫʶ ʨʘʙʦʪʫ ʩ ʟʘʜʘʯʝʡ, ʯʪʦ ʧʨʦʪʠʚʦʨʝʯʠʪ ʧʨʠʥʮʠʧʘʤ 

ʢʦʥʩʪʨʫʢʪʠʚʠʩʪʩʢʦʡ ʧʝʜʘʛʦʛʠʢʠ. ʄʳ ʧʨʝʜʣʘʛʘʝʤ ʘʨʭʠʪʝʢʪʫʨʫ çɸʜʘʧʪʠʚʥʳʡ ʧʨʦʤʧʪʠʥʛè, ʚ 

ʢʦʪʦʨʦʡ ʙʘʡʝʩʦʚʩʢʘʷ ʩʝʪʴ ʦʪʩʣʝʞʠʚʘʝʪ ʢʦʛʥʠʪʠʚʥʦʝ ʩʦʩʪʦʷʥʠʝ ʩʪʫʜʝʥʪʘ ʠ ʜʠʥʘʤʠʯʝʩʢʠ 

ʬʦʨʤʠʨʫʝʪ ʦʛʨʘʥʠʯʝʥʠʷ ʜʣʷ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ, ʥʘʧʨʘʚʣʷʷ ʝʸ ʢ ʨʦʣʠ ʥʘʩʪʘʚʥʠʢʘ ð ʠʩʪʦʯʥʠʢʘ 

ʧʦʜʩʢʘʟʦʢ ʠ ʫʪʦʯʥʷʶʱʠʭ ʚʦʧʨʦʩʦʚ, ʘ ʥʝ ʛʦʪʦʚʳʭ ʦʪʚʝʪʦʚ. ɺ ʩʪʘʪʴʝ ʦʧʠʩʘʥ ʧʦʣʥʳʡ 

ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʢʦʥʚʝʡʝʨ ʩʠʩʪʝʤʳ: ʦʪ ʧʝʨʝʭʚʘʪʘ ʟʘʧʨʦʩʘ ʜʦ ʜʦʩʪʘʚʢʠ ʧʝʜʘʛʦʛʠʯʝʩʢʠ 

ʚʳʨʦʚʥʝʥʥʦʛʦ ʦʪʚʝʪʘ. ʇʨʝʜʣʦʞʝʥʥʳʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʠʥʪʝʛʨʠʨʦʚʘʪʴ LLM ʚ ʫʯʝʙʥʳʡ ʧʨʦʮʝʩʩ 

ʙʝʟ ʧʦʪʝʨʠ ʝʛʦ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʮʝʥʥʦʩʪʠ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʦʧʪʠʤʠʟʘʮʠʷ ʧʦʚʝʜʝʥʠʷ LLM, STEM-ʦʙʨʘʟʦʚʘʥʠʝ, ʧʝʜʘʛʦʛʠʯʝʩʢʘʷ 

ʧʦʜʜʝʨʞʢʘ, ʢʦʛʥʠʪʠʚʥʳʝ ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ, ʫʧʨʘʚʣʝʥʠʝ ʧʦʜʩʢʘʟʢʘʤʠ, ʙʘʡʝʩʦʚʩʢʠʝ ʩʝʪʠ, 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʦʙʫʯʘʶʱʠʝ ʩʠʩʪʝʤʳ. 

 

ɺʚʝʜʝʥʠʝ. ʗʟʳʢʦʚʳʝ ʤʦʜʝʣʠ ʥʦʚʦʛʦ ʧʦʢʦʣʝʥʠʷ ʚʩʸ ʘʢʪʠʚʥʝʝ ʧʨʦʥʠʢʘʶʪ ʚ ʫʯʝʙʥʳʡ 

ʧʨʦʮʝʩʩ ʧʦ ʜʠʩʮʠʧʣʠʥʘʤ ʝʩʪʝʩʪʚʝʥʥʦ-ʥʘʫʯʥʦʛʦ ʠ ʪʝʭʥʠʯʝʩʢʦʛʦ ʧʨʦʬʠʣʷ. ʈʘʟʨʘʙʦʪʯʠʢʠ 

ʨʘʩʩʯʠʪʳʚʘʶʪ, ʯʪʦ ʵʪʠ ʠʥʩʪʨʫʤʝʥʪʳ ʚʦʟʴʤʫʪ ʥʘ ʩʝʙʷ ʨʦʣʴ ʧʝʨʩʦʥʘʣʴʥʦʛʦ ʥʘʩʪʘʚʥʠʢʘ, 

ʜʦʩʪʫʧʥʦʛʦ ʢʘʞʜʦʤʫ ʩʪʫʜʝʥʪʫ ʚ ʣʶʙʦʝ ʚʨʝʤʷ. ʆʜʥʘʢʦ ʧʨʘʢʪʠʢʘ ʧʦʢʘʟʳʚʘʝʪ 

ʧʨʠʥʮʠʧʠʘʣʴʥʦʝ ʨʘʩʭʦʞʜʝʥʠʝ ʤʝʞʜʫ ʵʪʠʤ ʦʞʠʜʘʥʠʝʤ ʠ ʨʝʘʣʴʥʳʤ ʧʦʚʝʜʝʥʠʝʤ ʩʠʩʪʝʤ: 

ʩʪʫʜʝʥʪ ʚʩʪʘʚʣʷʝʪ ʟʘʜʘʯʫ ʚ ʜʠʘʣʦʛʦʚʳʡ ʠʥʪʝʨʬʝʡʩ, ʤʦʜʝʣʴ ʚʦʟʚʨʘʱʘʝʪ ʧʦʣʥʦʝ ʨʝʰʝʥʠʝ, ʠ 

ʫʯʘʱʠʡʩʷ, ʥʝ ʧʨʠʣʦʞʠʚ ʫʩʠʣʠʡ ʢ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦʤʫ ʨʘʩʩʫʞʜʝʥʠʶ, ʬʘʢʪʠʯʝʩʢʠ ʣʠʰʘʝʪʩʷ 

ʩʘʤʦʡ ʮʝʥʥʦʡ ʯʘʩʪʠ ʫʯʝʙʥʦʛʦ ʦʧʳʪʘ. ʂʦʥʩʪʨʫʢʪʠʚʠʩʪʩʢʘʷ ʪʝʦʨʠʷ ʦʙʫʯʝʥʠʷ ʫʪʚʝʨʞʜʘʝʪ, ʯʪʦ 

ʟʥʘʥʠʝ ʩʪʨʦʠʪʩʷ ʯʝʨʝʟ ʘʢʪʠʚʥʦʝ ʧʨʝʦʜʦʣʝʥʠʝ ʪʨʫʜʥʦʩʪʝʡ. ʂʦʛʜʘ ʤʦʜʝʣʴ ʜʝʣʘʝʪ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʫʶ ʨʘʙʦʪʫ ʟʘ ʩʪʫʜʝʥʪʘ, ʪʦʪ ʚʳʩʪʫʧʘʝʪ ʣʠʰʴ ʧʝʨʝʧʠʩʯʠʢʦʤ ʯʫʞʦʛʦ ʨʝʰʝʥʠʷ. 

ʊʴʶʪʦʨʳ, ʥʘʧʨʦʪʠʚ, ʚʝʜʫʪ ʫʯʘʱʝʛʦʩʷ ʯʝʨʝʟ ʮʝʧʦʯʢʫ ʧʦʜʟʘʜʘʯ, ʟʘʜʘʶʪ ʥʘʧʨʘʚʣʷʶʱʠʝ 

ʚʦʧʨʦʩʳ ʠ ʫʢʘʟʳʚʘʶʪ ʥʘ ʦʰʠʙʢʠ ʚ ʨʘʩʩʫʞʜʝʥʠʷʭ, ʥʝ ʨʘʩʢʨʳʚʘʷ ʬʠʥʘʣʴʥʦʛʦ ʦʪʚʝʪʘ. ʈʘʟʨʳʚ 

ʤʝʞʜʫ ʵʪʠʤ ʧʝʜʘʛʦʛʠʯʝʩʢʠʤ ʠʜʝʘʣʦʤ ʠ ʬʘʢʪʠʯʝʩʢʠʤ ʧʦʚʝʜʝʥʠʝʤ LLM ʠ ʦʧʨʝʜʝʣʷʝʪ 

ʧʨʦʙʣʝʤʫ, ʢʦʪʦʨʫʶ ʤʳ ʨʝʰʘʝʤ. 

ʄ  rʨʘʟʨʘʙʦʪʘʣʠ ʘʨʭʠʪʝʢʪʫʨʫ çɸʜʘʧʪʠʚʥʳʡ ʧʨʦʤʧʪʠʥʛè, ʢʦʪʦʨʘʷ ʫʩʪʨʘʥʷʝʪ ɻ ʪʦʪ ʨʘʟʨʳʚ 

ʥʘ ʠʥʬʨʘʩʪʨʫʢʪʫʨʥʦʤ ʫʨʦʚʥʝ. ʉʠʩʪʝʤʘ ʧʝʨʝʭʚʘʪʳʚʘʝʪ ʢʘʞʜʳʡ ʟʘʧʨʦʩ ʩʪʫʜʝʥʪʘ ʠ ʦʙʦʛʘʱʘʝʪ 

ʝʛʦ ʧʝʜʘʛʦʛʠʯʝʩʢʠʤʠ ʦʛʨʘʥʠʯʝʥʠʷʤʠ, ʩʬʦʨʤʠʨʦʚʘʥʥʳʤʠ ʥʘ ʦʩʥʦʚʝ ʠʥʜʠʚʠʜʫʘʣʴʥʦʡ 

ʢʦʛʥʠʪʠʚʥʦʡ ʤʦʜʝʣʠ ʫʯʘʱʝʛʦʩʷ. ʗʟʳʢʦʚʘʷ ʤʦʜʝʣʴ ʧʦʣʫʯʘʝʪ 

ʥʝ ʩʳʨʦʡ ʚʦʧʨʦʩ, ʘ ʢʦʥʪʝʢʩʪʥʦ-ʥʘʩʳʱʝʥʥʫʶ ʠʥʩʪʨʫʢʮʠʶ, ʦʙʷʟʳʚʘʶʱʫʶ ʝʸ 

ʜʝʡʩʪʚʦʚʘʪʴ ʢʘʢ ʥʘʩʪʘʚʥʠʢ, ʘ ʥʝ ʢʘʢ ʩʧʨʘʚʦʯʥʠʢ ʩ ʦʪʚʝʪʘʤʠ. 

ʆʙʟʦʨ ʩʤʝʞʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ. ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʦʙʫʯʘʶʱʠʝ ʩʠʩʪʝʤʳ. 

ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʦʙʫʯʘʶʱʠʝ ʩʠʩʪʝʤʳ ʨʘʟʨʘʙʘʪʳʚʘʶʪʩʷ ʩ ʮʝʣʴʶ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʦʛʦ 

ʩʦʧʨʦʚʦʞʜʝʥʠʷ ʫʯʝʙʥʦʛʦ ʧʨʦʮʝʩʩʘ. ʀʭ ʢʣʶʯʝʚʳʤ ʢʦʤʧʦʥʝʥʪʦʤ ʷʚʣʷʝʪʩʷ ʤʦʜʝʣʴ ʩʪʫʜʝʥʪʘ 

ð ʜʠʥʘʤʠʯʝʩʢʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʦ ʪʦʤ, ʢʘʢʠʤʠ ʥʘʚʳʢʘʤʠ ʫʯʘʱʠʡʩʷ ʫʞʝ ʦʚʣʘʜʝʣ, ʘ ʢʘʢʠʝ 

ʢʦʥʮʝʧʮʠʠ ʦʩʪʘʶʪʩʷ ʜʣʷ ʥʝʛʦ ʧʨʦʙʣʝʤʥʳʤʠ. ɼʣʷ ʧʦʩʪʨʦʝʥʠʷ ʪʘʢʠʭ ʤʦʜʝʣʝʡ ʠʩʧʦʣʴʟʫʶʪʩʷ 

ʤʝʪʦʜ ʪʨʘʩʩʠʨʦʚʢʠ ʟʥʘʥʠʡ ʠ ʢʦʛʥʠʪʠʚʥʳʝ ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʝ ʤʦʜʝʣʠ, ʧʦʟʚʦʣʷʶʱʠʝ 

ʦʮʝʥʠʚʘʪʴ ʫʨʦʚʝʥʴ ʦʩʚʦʝʥʠʷ ʢʘʞʜʦʡ ʢʦʥʮʝʧʮʠʠ ʫʯʝʙʥʦʡ ʧʨʦʛʨʘʤʤʳ. 

ʈʘʥʥʠʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʦʙʫʯʘʶʱʠʝ ʩʠʩʪʝʤʳ ʪʨʝʙʦʚʘʣʠ ʢʦʣʦʩʩʘʣʴʥʳʭ ʫʩʠʣʠʡ ʧʦ 

ʧʨʦʝʢʪʠʨʦʚʘʥʠʶ: ʨʘʟʨʘʙʦʪʯʠʢʠ ʚʨʫʯʥʫʶ ʧʨʦʧʠʩʳʚʘʣʠ ʪʳʩʷʯʠ ʧʨʘʚʠʣ ʜʣʷ ʦʜʥʦʛʦ ʫʯʝʙʥʦʛʦ 

ʤʦʜʫʣʷ. ɼʠʘʣʦʛʦʚʳʡ ʠʥʪʝʨʬʝʡʩ ʚ ʪʘʢʠʭ ʩʠʩʪʝʤʘʭ ʙʳʣ ʞʸʩʪʢʠʤ ʠ ʥʝʝʩʪʝʩʪʚʝʥʥʳʤ. 

ʉʦʚʨʝʤʝʥʥʳʝ LLM  ʨʝʰʘʶʪ ʧʨʦʙʣʝʤʫ ʠʥʪʝʨʬʝʡʩʘ: ʩʪʫʜʝʥʪ ʦʙʱʘʝʪʩʷ ʩ ʩʠʩʪʝʤʦʡ ʥʘ 
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ʝʩʪʝʩʪʚʝʥʥʦʤ ̫ ʟʳʢʝ, ʢʘʢ ʩ ʞʠʚʳʤ ʩʦʙʝʩʝʜʥʠʢʦʤ. ʆʜʥʘʢʦ ʧʨʠ ɻ ʪʦʤ ʠʩʯʝʟʘʝʪ ʤʦʜʝʣʴ ʩʪʫʜʝʥʪʘ 

ð LLM  ʥʝ ʟʥʘʝʪ ʥʠ ʠʩʪʦʨʠʠ ʦʰʠʙʦʢ ʫʯʘʱʝʛʦʩʷ, ʥʠ ʪʦʛʦ, ʢʘʢʠʝ ʢʦʥʮʝʧʮʠʠ ʪʨʝʙʫʶʪ ʦʩʦʙʦʛʦ 

ʚʥʠʤʘʥʠʷ ʧʨʷʤʦ ʩʝʡʯʘʩ. ʅʘʰ ʧʦʜʭʦʜ ʚʦʟʚʨʘʱʘʝʪ ʜʠʘʛʥʦʩʪʠʯʝʩʢʫʶ ʪʦʯʥʦʩʪʴ ʢʣʘʩʩʠʯʝʩʢʠʭ 

ʦʙʫʯʘʶʱʠʭ ʩʠʩʪʝʤ ʚ ʩʦʚʨʝʤʝʥʥʳʡ ʜʠʘʣʦʛʦʚʳʡ ʠʥʪʝʨʬʝʡʩ. 

ʋʧʨʘʚʣʝʥʠʝ ʧʦʚʝʜʝʥʠʝʤ LLM ʯʝʨʝʟ ʢʦʥʩʪʨʫʠʨʦʚʘʥʠʝ ʧʦʜʩʢʘʟʦʢ. ʀʩʩʣʝʜʦʚʘʥʠʷ ʚ 

ʦʙʣʘʩʪʠ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʠʥʩʪʨʫʢʮʠʡ ʜʣʷ ʷʟʳʢʦʚʳʭ ʤʦʜʝʣʝʡ ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʚʳʩʦʢʫʶ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʠʭ ʧʦʚʝʜʝʥʠʷ ʢ ʬʦʨʤʝ ʠ ʩʦʜʝʨʞʘʥʠʶ ʩʠʩʪʝʤʥʦʛʦ ʩʦʦʙʱʝʥʠʷ. ɹʘʟʦʚʘʷ 

ʠʥʩʪʨʫʢʮʠʷ çʜʝʡʩʪʚʫʡ ʢʘʢ ʨʝʧʝʪʠʪʦʨè ʦʩʪʘʚʣʷʝʪ ʤʦʜʝʣʠ ʟʥʘʯʠʪʝʣʴʥʫʶ ʩʚʦʙʦʜʫ, ʠ ʦʥʘ, ʢʘʢ 

ʧʨʘʚʠʣʦ, ʚʳʙʠʨʘʝʪ ʥʘʠʙʦʣʝʝ ʧʨʷʤʦʣʠʥʝʡʥʳʡ ʧʫʪʴ ð ʜʘʸʪ ʧʦʣʥʳʡ ʦʪʚʝʪ. ʆʛʨʘʥʠʯʠʚʘʶʱʘʷ 

ʠʥʩʪʨʫʢʮʠʷ, ʟʘʧʨʝʱʘʶʱʘʷ ʧʨʷʤʳʝ ʦʪʚʝʪʳ ʠ ʧʨʝʜʧʠʩʳʚʘʶʱʘʷ ʟʘʜʘʚʘʪʴ ʫʪʦʯʥʷʶʱʠʝ 

ʚʦʧʨʦʩʳ, ʢʘʨʜʠʥʘʣʴʥʦ ʤʝʥʷʝʪ ʩʪʨʘʪʝʛʠʶ ʤʦʜʝʣʠ. 

ʂʣʶʯʝʚʘʷ ʪʝʭʥʠʯʝʩʢʘʷ ʧʨʦʙʣʝʤʘ ʩʦʩʪʦʠʪ ʚ ʪʦʤ, ʯʪʦ ʦʜʥʘ ʠ ʪʘ ʞʝ ʦʛʨʘʥʠʯʠʚʘʶʱʘʷ 

ʠʥʩʪʨʫʢʮʠʷ ʥʝ ʤʦʞʝʪ ʙʳʪʴ ʦʜʠʥʘʢʦʚʦ ʵʬʬʝʢʪʠʚʥʘ ʜʣʷ ʚʩʝʭ ʩʪʫʜʝʥʪʦʚ ʠ ʚʩʝʭ ʟʘʜʘʯ. 

ʉʪʫʜʝʥʪʫ, ʪʦʣʴʢʦ ʥʘʯʠʥʘʶʱʝʤʫ ʦʩʚʦʝʥʠʝ ʪʝʤʳ, ʥʫʞʥʘ ʦʜʥʘ ʧʦʜʩʢʘʟʢʘ; ʩʪʫʜʝʥʪʫ, 

ʟʘʩʪʨʷʚʰʝʤʫ ʥʘ ʢʦʥʢʨʝʪʥʦʤ h ʘʛʝ ʨʝʰʝʥʠʷ, ð ʩʦʚʝʨʰʝʥʥʦ ʜʨʫʛʘʷ. ɼʠʥʘʤʠʯʝʩʢʘʷ ʛʝʥʝʨʘʮʠʷ 

ʧʝʜʘʛʦʛʠʯʝʩʢʠ ʚʳʨʦʚʥʝʥʥʳʭ ʠʥʩʪʨʫʢʮʠʡ ʩ ʫʯʸʪʦʤ ʪʝʢʫʱʝʛʦ ʩʦʩʪʦʷʥʠʷ ʢʦʥʢʨʝʪʥʦʛʦ 

ʩʪʫʜʝʥʪʘ ʠ ʷʚʣʷʝʪʩʷ ʛʣʘʚʥʳʤ ʚʢʣʘʜʦʤ ʥʘʰʝʡ ʨʘʙʦʪʳ. 

ɸʨʭʠʪʝʢʪʫʨʘ ʩʠʩʪʝʤʳ. ʉʠʩʪʝʤʘ çɸʜʘʧʪʠʚʥʳʡ ʧʨʦʤʧʪʠʥʛè ʧʦʩʪʨʦʝʥʘ ʢʘʢ 

ʪʨʸʭʤʦʜʫʣʴʥʳʡ ʢʦʥʚʝʡʝʨ, ʨʝʘʣʠʟʫʶʱʠʡ ʥʝʧʨʝʨʳʚʥʳʡ ʮʠʢʣ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ ʤʝʞʜʫ 

ʩʪʫʜʝʥʪʦʤ ʠ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʴʶ. ʂʘʞʜʳʡ ʟʘʧʨʦʩ ʫʯʘʱʝʛʦʩʷ ʧʨʦʭʦʜʠʪ ʯʝʨʝʟ ʪʨʠ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʭ ʧʨʝʦʙʨʘʟʦʚʘʥʠʷ, ʧʨʝʞʜʝ ʯʝʤ ʜʦʩʪʠʯʴ LLM, ʠ ʢʘʞʜʳʡ ʦʪʚʝʪ ʤʦʜʝʣʠ 

ʬʠʢʩʠʨʫʝʪʩʷ ʜʣʷ ʦʙʥʦʚʣʝʥʠʷ ʜʠʘʛʥʦʩʪʠʯʝʩʢʦʡ ʢʘʨʪʠʥʳ ʩʪʫʜʝʥʪʘ. ʆʙʱʘʷ ʩʭʝʤʘ 

ʧʨʝʜʩʪʘʚʣʝʥʘ ʥʘ ʨʠʩʫʥʢʝ 1. 
 

ʈʠʩʫʥʦʢ 1. ɸʨʭʠʪʝʢʪʫʨʘ ʩʠʩʪʝʤʳ çɸʜʘʧʪʠʚʥʳʡ ʧʨʦʤʧʪʠʥʛè 

 

ʊʨʝʢʝʨ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ. ʊʨʝʢʝʨ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ð ʧʝʨʚʳʡ ʠ 

ʦʩʥʦʚʦʧʦʣʘʛʘʶʱʠʡ ʤʦʜʫʣʴ ʩʠʩʪʝʤʳ. ɽʛʦ ʟʘʜʘʯʘ ʩʦʩʪʦʠʪ ʚ ʪʦʤ, ʯʪʦʙʳ ʚ ʢʘʞʜʳʡ ʤʦʤʝʥʪ 

ʚʨʝʤʝʥʠ ʧʦʜʜʝʨʞʠʚʘʪʴ ʘʢʪʫʘʣʴʥʫʶ ʚʝʨʦʷʪʥʦʩʪʥʫʶ ʤʦʜʝʣʴ ʟʥʘʥʠʡ ʢʦʥʢʨʝʪʥʦʛʦ ʩʪʫʜʝʥʪʘ. 

ʄʦʜʫʣʴ ʨʝʘʣʠʟʦʚʘʥ ʥʘ ʦʩʥʦʚʝ ʙʘʡʝʩʦʚʩʢʦʡ ʩʝʪʠ, ʫʟʣʳ ʢʦʪʦʨʦʡ ʩʦʦʪʚʝʪʩʪʚʫʶʪ ʦʪʜʝʣʴʥʳʤ 

ʢʦʥʮʝʧʮʠʷʤ ʠ ʥʘʚʳʢʘʤ ʫʯʝʙʥʦʡ ʧʨʦʛʨʘʤʤʳ. ʂʘʞʜʦʤʫ ʫʟʣʫ ʧʨʠʩʚʦʝʥʘ ʯʠʩʣʝʥʥʘʷ ʦʮʝʥʢʘ ð 

ʚʝʨʦʷʪʥʦʩʪʴ ʪʦʛʦ, ʯʪʦ ʩʪʫʜʝʥʪ ʜʘʥʥʫʶ ʢʦʥʮʝʧʮʠʶ ʦʩʚʦʠʣ. ɼʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʚʳʩʦʢʦʡ 

ʩʢʦʨʦʩʪʠ ʠ ʥʘʜʝʞʥʦʩʪʠ ʭʨʘʥʝʥʠʷ ʪʘʢʠʭ ʜʠʥʘʤʠʯʝʩʢʠ ʦʙʥʦʚʣʷʝʤʳʭ ʧʨʦʬʠʣʝʡ ʤʦʛʫʪ 

ʧʨʠʤʝʥʷʪʴʩʷ ʩʦʚʨʝʤʝʥʥʳʝ ʦʧʪʠʤʠʟʠʨʦʚʘʥʥʳʝ ʙʘʟʳ ʜʘʥʥʳʭ, ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʢʦʪʦʨʳʭ 

ʜʦʢʘʟʘʥʘ ʧʨʠ ʩʨʘʚʥʠʪʝʣʴʥʦʤ ʘʥʘʣʠʟʝ ʜʣʷ ʩʠʩʪʝʤ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ ʠ ʧʨʦʤʳʰʣʝʥʥʦʛʦ 

ʠʥʪʝʨʥʝʪʘ ʚʝʱʝʡ. 

ʇʨʠ ʢʘʞʜʦʤ ʚʟʘʠʤʦʜʝʡʩʪʚʠʠ ʪʨʝʢʝʨ ʘʥʘʣʠʟʠʨʫʝʪ ʪʝʢʩʪʦʚʳʡ ʚʚʦʜ ʫʯʘʱʝʛʦʩʷ ʠ 

ʦʙʥʦʚʣʷʝʪ ʙʘʡʝʩʦʚʩʢʫʶ ʩʝʪʴ. ɽʩʣʠ ʩʪʫʜʝʥʪ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʦʰʠʙʢʫ ʚ ʧʨʠʤʝʥʝʥʠʠ 

ʢʦʥʢʨʝʪʥʦʛʦ ʧʨʘʚʠʣʘ, ʚʝʨʦʷʪʥʦʩʪʴ ʦʩʚʦʝʥʠʷ ʩʦʦʪʚʝʪʩʪʚʫʶʱʝʡ ʢʦʥʮʝʧʮʠʠ ʩʥʠʞʘʝʪʩʷ. ɽʩʣʠ 

ʩʪʫʜʝʥʪ ʢʦʨʨʝʢʪʥʦ ʧʨʠʤʝʥʷʝʪ ʠʟʫʯʝʥʥʳʡ ʥʘʚʳʢ, ʦʮʝʥʢʘ ʧʦʚʳʰʘʝʪʩʷ. ʇʨʠʥʮʠʧʠʘʣʴʥʦ 

ʚʘʞʥʦ, ʯʪʦ ʙʘʡʝʩʦʚʩʢʠʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʦʙʨʘʙʘʪʳʚʘʪʴ ʥʝʦʧʨʝʜʝʣʸʥʥʦʩʪʴ: ʧʨʘʚʠʣʴʥʳʡ 
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ʦʪʚʝʪ ʤʦʛ ʙʳʪʴ ʧʦʣʫʯʝʥ ʩʣʫʯʘʡʥʦ, ʘ ʥʝ ʚ ʨʝʟʫʣʴʪʘʪʝ ʧʦʜʣʠʥʥʦʛʦ ʧʦʥʠʤʘʥʠʷ, ð ʠ ʪʨʝʢʝʨ 

ʫʯʠʪʳʚʘʝʪ ʵʪʫ ʚʦʟʤʦʞʥʦʩʪʴ, ʥʘʢʘʧʣʠʚʘʷ ʩʪʘʪʠʩʪʠʢʫ ʯʝʨʝʟ ʧʦʩʪʝʧʝʥʥʦʝ ʦʙʥʦʚʣʝʥʠʝ. 

ʈʝʟʫʣʴʪʘʪʦʤ ʨʘʙʦʪʳ ʪʨʝʢʝʨʘ ʷʚʣʷʝʪʩʷ ʚʝʢʪʦʨ ʚʝʨʦʷʪʥʦʩʪʝʡ ʦʩʚʦʝʥʠʷ ʧʦ ʚʩʝʤ 

ʢʦʥʮʝʧʮʠʷʤ ʧʨʦʛʨʘʤʤʳ. ʀʤʝʥʥʦ ɻ ʪʦʪ ʚʝʢʪʦʨ ʧʝʨʝʜʘʸʪʩʷ ʚ ʩʣʝʜʫʶʱʠʡ ʤʦʜʫʣʴ ð ʛʝʥʝʨʘʪʦʨ 

ʘʜʘʧʪʠʚʥʳʭ ʠʥʩʪʨʫʢʮʠʡ ð ʠ ʦʧʨʝʜʝʣʷʝʪ ʩʦʜʝʨʞʘʥʠʝ ʧʝʜʘʛʦʛʠʯʝʩʢʠʭ ʦʛʨʘʥʠʯʝʥʠʡ ʜʣʷ 

ʢʘʞʜʦʛʦ ʢʦʥʢʨʝʪʥʦʛʦ ʟʘʧʨʦʩʘ. 

ɻʝʥʝʨʘʪʦʨ ʘʜʘʧʪʠʚʥʳʭ ʠʥʩʪʨʫʢʮʠʡ. ɻʝʥʝʨʘʪʦʨ ʘʜʘʧʪʠʚʥʳʭ ʠʥʩʪʨʫʢʮʠʡ ð 

ʮʝʥʪʨʘʣʴʥʳʡ ʤʦʜʫʣʴ ʩʠʩʪʝʤʳ. ʆʥ ʧʦʣʫʯʘʝʪ ʪʨʠ ʚʭʦʜʥʳʭ ʧʦʪʦʢʘ: ʪʝʢʫʱʠʡ ʢʦʛʥʠʪʠʚʥʳʡ 

ʧʨʦʬʠʣʴ ʩʪʫʜʝʥʪʘ ʦʪ ʪʨʝʢʝʨʘ, ʦʧʠʩʘʥʠʝ ʨʝʰʘʝʤʦʡ ʟʘʜʘʯʠ ʠ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʳʡ ʚʚʦʜ 

ʫʯʘʱʝʛʦʩʷ. ʅʘ ʦʩʥʦʚʝ ʵʪʠʭ ʜʘʥʥʳʭ ʛʝʥʝʨʘʪʦʨ ʩʪʨʦʠʪ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʶ ð ʩʠʩʪʝʤʥʦʝ 

ʩʦʦʙʱʝʥʠʝ, ʢʦʪʦʨʦʝ ʙʫʜʝʪ ʧʝʨʝʜʘʥʦ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ ʚʤʝʩʪʝ ʩ ʟʘʧʨʦʩʦʤ. 

ɼʠʘʛʥʦʩʪʠʯʝʩʢʠʝ ʜʠʨʝʢʪʠʚʳ ʩʦʦʙʱʘʶʪ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ, ʢʘʢʠʝ ʢʦʥʮʝʧʮʠʠ ʷʚʣʷʶʪʩʷ 

ʧʨʦʙʣʝʤʥʳʤʠ ʜʣʷ ʜʘʥʥʦʛʦ ʩʪʫʜʝʥʪʘ ʚ ʜʘʥʥʳʡ ʤʦʤʝʥʪ. ʄʦʜʝʣʴ ʧʦʣʫʯʘʝʪ ʷʚʥʦʝ ʫʢʘʟʘʥʠʝ ʥʝ 

ʧʨʠʤʝʥʷʪʴ ʵʪʠ ʢʦʥʮʝʧʮʠʠ ʚ ʩʚʦʸʤ ʦʪʚʝʪʝ, ʘ ʚʤʝʩʪʦ ʵʪʦʛʦ ʩʬʦʨʤʫʣʠʨʦʚʘʪʴ ʚʦʧʨʦʩ, ʢʦʪʦʨʳʡ 

ʧʦʜʪʦʣʢʥʸʪ ʩʪʫʜʝʥʪʘ ʢ ʠʭ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦʤʫ ʚʳʚʦʜʫ. 

ʉʪʨʘʪʝʛʠʯʝʩʢʠʝ ʜʠʨʝʢʪʠʚʳ ʦʧʨʝʜʝʣʷʶʪ ʪʠʧ ʧʝʜʘʛʦʛʠʯʝʩʢʦʛʦ ʜʝʡʩʪʚʠʷ. ɻʝʥʝʨʘʪʦʨ 

ʚʳʙʠʨʘʝʪ ʦʜʥʫ ʠʟ ʪʨʸʭ ʩʪʨʘʪʝʛʠʡ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʢʦʛʥʠʪʠʚʥʦʛʦ ʧʨʦʬʠʣʷ: ʥʘʧʨʘʚʣʷʶʱʘʷ 

ʧʦʜʩʢʘʟʢʘ ð ʢʦʛʜʘ ʩʪʫʜʝʥʪ ʙʣʠʟʦʢ ʢ ʚʝʨʥʦʤʫ ʨʝʰʝʥʠʶ ʠ ʥʫʞʜʘʝʪʩʷ ʣʠʰʴ ʚ ʣʸʛʢʦʤ ʪʦʣʯʢʝ; 

ʫʪʦʯʥʷʶʱʠʡ ʚʦʧʨʦʩ ð ʢʦʛʜʘ ʥʝʦʙʭʦʜʠʤʦ ʧʨʦʚʝʨʠʪʴ ʧʦʥʠʤʘʥʠʝ ʢʣʶʯʝʚʦʡ ʢʦʥʮʝʧʮʠʠ; 

ʨʘʟʙʦʨ ʟʘʙʣʫʞʜʝʥʠʷ ð ʢʦʛʜʘ ʪʨʝʢʝʨ ʬʠʢʩʠʨʫʝʪ ʫʩʪʦʡʯʠʚʫʶ ʩʠʩʪʝʤʘʪʠʯʝʩʢʫʶ ʦʰʠʙʢʫ ʚ 

ʨʘʩʩʫʞʜʝʥʠʷʭ ʫʯʘʱʝʛʦʩʷ. 

ɿʘʧʨʝʱʘʶʱʠʝ ʜʠʨʝʢʪʠʚʳ ʷʚʥʦ ʙʣʦʢʠʨʫʶʪ ʥʝʞʝʣʘʪʝʣʴʥʳʝ ʨʝʞʠʤʳ ʨʘʙʦʪʳ ʤʦʜʝʣʠ: 

ʧʨʝʜʦʩʪʘʚʣʝʥʠʝ ʬʠʥʘʣʴʥʦʛʦ ʦʪʚʝʪʘ ʜʦ ʪʦʛʦ, ʢʘʢ ʩʪʫʜʝʥʪ ʝʛʦ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦ ʚʳʚʝʣ, 

ʧʦʰʘʛʦʚʦʝ ʨʝʰʝʥʠʝ ʚʩʝʡ ʟʘʜʘʯʠ ʮʝʣʠʢʦʤ, ʧʦʜʪʚʝʨʞʜʝʥʠʝ ʦʰʠʙʦʯʥʦʛʦ ʭʦʜʘ ʨʘʩʩʫʞʜʝʥʠʡ 

ʙʝʟ ʢʦʨʨʝʢʮʠʠ. ʕʪʠ ʜʠʨʝʢʪʠʚʳ ʦʙʨʘʟʫʶʪ ʙʘʨʴʝʨ, ʯʝʨʝʟ ʢʦʪʦʨʳʡ ʛʝʥʝʨʘʪʠʚʥʳʡ ʧʦʪʝʥʮʠʘʣ 

ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ ʥʝ ʤʦʞʝʪ ʧʨʦʥʠʢʥʫʪʴ ʚ ʧʝʜʘʛʦʛʠʯʝʩʢʠ ʥʝʧʨʠʝʤʣʝʤʦʡ ʬʦʨʤʝ. 

ʄʦʜʫʣʴ ʧʝʜʘʛʦʛʠʯʝʩʢʦʡ ʧʦʜʜʝʨʞʢʠ. ʄʦʜʫʣʴ ʧʝʜʘʛʦʛʠʯʝʩʢʦʡ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʠʤʘʝʪ 

ʩʬʦʨʤʠʨʦʚʘʥʥʫʶ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʶ, ʠʩʭʦʜʥʳʡ ʟʘʧʨʦʩ ʩʪʫʜʝʥʪʘ ʠ ʧʝʜʘʛʦʛʠʯʝʩʢʠ 

ʦʪʬʠʣʴʪʨʦʚʘʥʥʫʶ ʠʩʪʦʨʠʶ ʜʠʘʣʦʛʘ, ʦʙʲʝʜʠʥʷʝʪ ʠʭ ʚ ʝʜʠʥʳʡ ʢʦʥʪʝʢʩʪ ʠ ʚʳʟʳʚʘʝʪ 

ʷʟʳʢʦʚʫʶ ʤʦʜʝʣʴ. ʆʪʚʝʪ LLM  ʧʨʦʭʦʜʠʪ ʯʝʨʝʟ ʧʦʩʪʦʙʨʘʙʦʪʢʫ: ʘʚʪʦʤʘʪʠʯʝʩʢʠʡ ʚʝʨʠʬʠʢʘʪʦʨ 

ʧʨʦʚʝʨʷʝʪ, ʥʝ ʥʘʨʫʰʝʥʳ ʣʠ ʟʘʧʨʝʱʘʶʱʠʝ ʜʠʨʝʢʪʠʚʳ. ɽʩʣʠ ʥʘʨʫʰʝʥʠʝ ʦʙʥʘʨʫʞʝʥʦ ð 

ʦʪʚʝʪ ʦʪʢʣʦʥʷʝʪʩʷ, ʦʛʨʘʥʠʯʝʥʠʷ ʫʩʠʣʠʚʘʶʪʩʷ, ʠ ʛʝʥʝʨʘʮʠʷ ʧʦʚʪʦʨʷʝʪʩʷ. ɺʘʞʥʳʤ ʘʩʧʝʢʪʦʤ 

ʷʚʣʷʝʪʩʷ ʫʧʨʘʚʣʝʥʠʝ ʠʩʪʦʨʠʝʡ ʜʠʘʣʦʛʘ. ʇʨʠ ʩʙʦʨʢʝ ʢʦʥʪʝʢʩʪʘ ʜʣʷ ʢʘʞʜʦʛʦ ʧʦʩʣʝʜʫʶʱʝʛʦ 

ʟʘʧʨʦʩʘ ʚʢʣʶʯʘʶʪʩʷ ʪʦʣʴʢʦ ʧʝʜʘʛʦʛʠʯʝʩʢʠ ʟʥʘʯʠʤʳʝ ʦʙʤʝʥʳ, ʘ ʥʝ ʚʝʩʴ ʜʠʘʣʦʛ ʮʝʣʠʢʦʤ. ʕʪʦ 

ʧʨʝʜʦʪʚʨʘʱʘʝʪ ʩʠʪʫʘʮʠʶ, ʚ ʢʦʪʦʨʦʡ ʷʟʳʢʦʚʘʷ ʤʦʜʝʣʴ çʟʘʙʳʚʘʝʪè ʦ ʜʝʡʩʪʚʫʶʱʠʭ 

ʦʛʨʘʥʠʯʝʥʠʷʭ ʧʦ ʤʝʨʝ ʨʦʩʪʘ ʜʣʠʥʳ ʢʦʥʪʝʢʩʪʘ ð ʨʘʩʧʨʦʩʪʨʘʥʸʥʥʘʷ ʧʨʦʙʣʝʤʘ ʧʨʠ 

ʤʥʦʛʦʭʦʜʦʚʳʭ ʜʠʘʣʦʛʘʭ ʩ LLM.  ʊʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʢʦʥʚʝʡʝʨ ʦʙʨʘʙʦʪʢʠ ʟʘʧʨʦʩʘ. ʇʫʪʴ ʦʪ 

ʚʚʦʜʘ ʩʪʫʜʝʥʪʘ ʜʦ ʧʝʜʘʛʦʛʠʯʝʩʢʠ ʚʳʨʦʚʥʝʥʥʦʛʦ ʦʪʚʝʪʘ ʚʢʣʶʯʘʝʪ ʩʝʤʴ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʭ 

ʩʪʘʜʠʡ, ʩʭʝʤʘʪʠʯʥʦ ʧʦʢʘʟʘʥʥʳʭ ʥʘ ʨʠʩʫʥʢʝ 2. 

 

ʈʠʩʫʥʦʢ 2. ʊʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʢʦʥʚʝʡʝʨ ʦʙʨʘʙʦʪʢʠ ʟʘʧʨʦʩʘ 

 

ʇʨʠʸʤ ʚʚʦʜʘ. ɺʝʙ-ʠʥʪʝʨʬʝʡʩ ʧʨʠʥʠʤʘʝʪ ʪʝʢʩʪʦʚʳʡ ʚʚʦʜ ʩʪʫʜʝʥʪʘ ʠ ʧʝʨʝʜʘʸʪ ʝʛʦ ʚ 

ʪʨʝʢʝʨ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ. ʉʠʩʪʝʤʘ ʧʝʨʝʭʚʘʪʳʚʘʝʪ ʟʘʧʨʦʩ ʧʨʝʞʜʝ, ʯʝʤ ʪʦʪ ʜʦʩʪʠʛʥʝʪ 

ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ. 

ʆʙʥʦʚʣʝʥʠʝ ʢʦʛʥʠʪʠʚʥʦʡ ʤʦʜʝʣʠ. ʊʨʝʢʝʨ ʘʥʘʣʠʟʠʨʫʝʪ ʚʚʦʜ ʫʯʘʱʝʛʦʩʷ, ʦʙʥʦʚʣʷʝʪ 

ʙʘʡʝʩʦʚʩʢʫʶ ʩʝʪʴ ʠ ʬʦʨʤʠʨʫʝʪ ʘʢʪʫʘʣʴʥʳʡ ʢʦʛʥʠʪʠʚʥʳʡ ʧʨʦʬʠʣʴ. ɺʳʷʚʣʷʶʪʩʷ ʢʦʥʮʝʧʮʠʠ 
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ʩ ʥʘʠʙʦʣʝʝ ʥʠʟʢʦʡ ʚʝʨʦʷʪʥʦʩʪʴʶ ʦʩʚʦʝʥʠʷ ð ʠʤʝʥʥʦ ʦʥʠ ʩʪʘʥʫʪ ʦʩʥʦʚʦʡ ʜʣʷ 

ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʭ ʜʠʨʝʢʪʠʚ. 

ʌʦʨʤʠʨʦʚʘʥʠʝ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʠ. ɻʝʥʝʨʘʪʦʨ ʘʜʘʧʪʠʚʥʳʭ ʠʥʩʪʨʫʢʮʠʡ ʚʳʙʠʨʘʝʪ 

ʧʝʜʘʛʦʛʠʯʝʩʢʫʶ ʩʪʨʘʪʝʛʠʶ ʠ ʩʦʟʜʘʸʪ ʩʠʩʪʝʤʥʦʝ ʩʦʦʙʱʝʥʠʝ ʩ ʪʨʝʤʷ ʪʠʧʘʤʠ ʜʠʨʝʢʪʠʚ: 

ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʤʠ, ʩʪʨʘʪʝʛʠʯʝʩʢʠʤʠ ʠ ʟʘʧʨʝʱʘʶʱʠʤʠ. 

ʉʙʦʨʢʘ ʢʦʥʪʝʢʩʪʘ. ʄʦʜʫʣʴ ʧʝʜʘʛʦʛʠʯʝʩʢʦʡ ʧʦʜʜʝʨʞʢʠ ʦʙʲʝʜʠʥʷʝʪ ʤʝʪʘ-

ʠʥʩʪʨʫʢʮʠʶ, ʦʪʬʠʣʴʪʨʦʚʘʥʥʫʶ ʠʩʪʦʨʠʶ ʜʠʘʣʦʛʘ ʠ ʠʩʭʦʜʥʳʡ ʟʘʧʨʦʩ ʩʪʫʜʝʥʪʘ ʚ ʝʜʠʥʳʡ 

ʢʦʥʪʝʢʩʪ ʜʣʷ ʧʝʨʝʜʘʯʠ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ. 

ɺʳʟʦʚ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ. LLM ʛʝʥʝʨʠʨʫʝʪ ʦʪʚʝʪ ʚ ʩʪʨʦʛʦʤ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʧʝʨʝʜʘʥʥʳʤʠ 

ʜʠʨʝʢʪʠʚʘʤʠ. ʄʦʜʝʣʴ ʥʝ ʤʦʞʝʪ ʦʙʨʘʪʠʪʴʩʷ ʢ ʟʘʜʘʯʝ ʥʘʧʨʷʤʫʶ ð ʦʥʘ ʚʠʜʠʪ ʝʸ ʪʦʣʴʢʦ ʯʝʨʝʟ 

ʧʝʜʘʛʦʛʠʯʝʩʢʠ ʚʳʨʦʚʥʝʥʥʳʡ ʢʦʥʪʝʢʩʪ. 

ɺʝʨʠʬʠʢʘʮʠʷ ʦʪʚʝʪʘ. ɸʚʪʦʤʘʪʠʯʝʩʢʠʡ ʚʝʨʠʬʠʢʘʪʦʨ ʧʨʦʚʝʨʷʝʪ, ʥʝ ʥʘʨʫʰʝʥʳ ʣʠ 

ʟʘʧʨʝʱʘʶʱʠʝ ʜʠʨʝʢʪʠʚʳ. ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʥʘʜʝʞʥʦʩʪʠ ʚʝʨʠʬʠʢʘʮʠʠ ʠ ʬʠʣʴʪʨʘʮʠʠ 

ʦʪʢʣʦʥʝʥʠʡ ʤʦʛʫʪ ʙʳʪʴ ʢʦʥʮʝʧʪʫʘʣʴʥʦ ʘʜʘʧʪʠʨʦʚʘʥʳ ʩʦʚʨʝʤʝʥʥʳʝ ʤʦʜʝʣʠ ʤʘʰʠʥʥʦʛʦ 

ʦʙʫʯʝʥʠʷ, ʧʨʠʤʝʥʷʝʤʳʝ ʜʣʷ ʩʨʘʚʥʠʪʝʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʠ ʦʙʥʘʨʫʞʝʥʠʷ ʘʥʦʤʘʣʠʡ ʚʦ 

ʚʨʝʤʝʥʥʳʭ ʨʷʜʘʭ ʠʥʜʫʩʪʨʠʘʣʴʥʳʭ ʜʘʥʥʳʭ. ʇʨʠ ʦʙʥʘʨʫʞʝʥʠʠ ʥʘʨʫʰʝʥʠʷ 

ð ʥʘʧʨʠʤʝʨ, ʝʩʣʠ ʦʪʚʝʪ ʩʦʜʝʨʞʠʪ ʬʠʥʘʣʴʥʦʝ ʨʝʰʝʥʠʝ ð ʛʝʥʝʨʘʮʠʷ ʧʦʚʪʦʨʷʝʪʩʷ ʩ 

ʫʩʠʣʝʥʥʳʤʠ ʦʛʨʘʥʠʯʝʥʠʷʤʠ. 

ɼʦʩʪʘʚʢʘ ʦʪʚʝʪʘ ʠ ʬʠʢʩʘʮʠʷ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ. ɺʝʨʠʬʠʮʠʨʦʚʘʥʥʳʡ ʦʪʚʝʪ ð 

ʧʦʜʩʢʘʟʢʘ, ʫʪʦʯʥʷʶʱʠʡ ʚʦʧʨʦʩ ʠʣʠ ʨʘʟʙʦʨ ʟʘʙʣʫʞʜʝʥʠʷ ð ʦʪʦʙʨʘʞʘʝʪʩʷ ʩʪʫʜʝʥʪʫ. 

ɺʟʘʠʤʦʜʝʡʩʪʚʠʝ ʬʠʢʩʠʨʫʝʪʩʷ ʚ ʙʘʟʝ ʜʘʥʥʳʭ ʜʣʷ ʩʣʝʜʫʶʱʝʛʦ ʮʠʢʣʘ ʦʙʥʦʚʣʝʥʠʷ ʪʨʝʢʝʨʘ. 

ʇʨʠʥʮʠʧʠʘʣʴʥʦ ʚʘʞʥʦ, ʯʪʦ ʚʝʩʴ ʢʦʥʚʝʡʝʨ ʧʨʦʟʨʘʯʝʥ ʜʣʷ ʩʪʫʜʝʥʪʘ: ʫʯʘʱʠʡʩʷ ʥʝ ʚʠʜʠʪ ʤʝʪʘ-

ʠʥʩʪʨʫʢʮʠʶ ʠ ʚʦʩʧʨʠʥʠʤʘʝʪ ʩʠʩʪʝʤʫ ʢʘʢ ʦʙʳʯʥʳʡ ʜʠʘʣʦʛʦʚʳʡ ʠʥʪʝʨʬʝʡʩ. ʇʝʜʘʛʦʛʠʯʝʩʢʠʝ 

ʦʛʨʘʥʠʯʝʥʠʷ ʜʝʡʩʪʚʫʶʪ ʥʘ ʠʥʬʨʘʩʪʨʫʢʪʫʨʥʦʤ ʫʨʦʚʥʝ ʠ ʥʝ ʪʨʝʙʫʶʪ ʥʠʢʘʢʠʭ 

ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʜʝʡʩʪʚʠʡ ʦʪ ʧʦʣʴʟʦʚʘʪʝʣʷ. 

ʆʧʪʠʤʠʟʘʮʠʦʥʥʳʝ ʩʚʦʡʩʪʚʘ ʩʠʩʪʝʤʳ. ʉ ʪʦʯʢʠ ʟʨʝʥʠʷ ʦʧʪʠʤʠʟʘʮʠʠ ʚ ʩʠʩʪʝʤʘʭ 

ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʟʘʜʘʯʘ, ʢʦʪʦʨʫʶ ʨʝʰʘʝʪ ʩʠʩʪʝʤʘ çɸʜʘʧʪʠʚʥʳʡ ʧʨʦʤʧʪʠʥʛè, 

ʦʪʥʦʩʠʪʩʷ ʢ ʢʣʘʩʩʫ ʟʘʜʘʯ ʫʧʨʘʚʣʝʥʠʷ ʧʦʚʝʜʝʥʠʝʤ ʛʝʥʝʨʘʪʠʚʥʦʡ ʤʦʜʝʣʠ ʩ ʫʯʸʪʦʤ 

ʜʠʥʘʤʠʯʝʩʢʠ ʦʙʥʦʚʣʷʝʤʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʨʝʜʳ. ʇʦʜʦʙʥʳʝ ʧʦʜʭʦʜʳ ʢ ʦʧʪʠʤʠʟʘʮʠʠ ʥʘ ʦʩʥʦʚʝ 

ʘʣʛʦʨʠʪʤʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʫʩʧʝʰʥʦ ʧʨʠʤʝʥʷʶʪʩʷ ʜʣʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ 

ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʫʧʨʘʚʣʝʥʠʷ ʩʣʦʞʥʳʤʠ ʧʨʦʮʝʩʩʘʤʠ, ʚ ʪʦʤ ʯʠʩʣʝ ʥʘ ʙʘʟʝ ʮʠʬʨʦʚʳʭ 

ʜʚʦʡʥʠʢʦʚ. ʉʦʩʪʦʷʥʠʝ ʩʨʝʜʳ ð ʵʪʦ ʢʦʛʥʠʪʠʚʥʳʡ ʧʨʦʬʠʣʴ ʩʪʫʜʝʥʪʘ, ʧʨʝʜʩʪʘʚʣʝʥʥʳʡ 

ʚʝʢʪʦʨʦʤ ʚʝʨʦʷʪʥʦʩʪʝʡ ʦʩʚʦʝʥʠʷ ʚ ʙʘʡʝʩʦʚʩʢʦʡ ʩʝʪʠ. ɼʝʡʩʪʚʠʝ ʩʠʩʪʝʤʳ ð ʚʳʙʦʨ 

ʧʝʜʘʛʦʛʠʯʝʩʢʦʡ ʩʪʨʘʪʝʛʠʠ ʠ ʬʦʨʤʠʨʦʚʘʥʠʝ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʠ. ʎʝʣʴ ð ʤʘʢʩʠʤʠʟʘʮʠʷ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʛʦ ʵʬʬʝʢʪʘ ʧʨʠ ʤʠʥʠʤʠʟʘʮʠʠ ʯʠʩʣʘ ʩʣʫʯʘʝʚ, ʢʦʛʜʘ ʤʦʜʝʣʴ ʧʨʝʜʦʩʪʘʚʠʣʘ 

ʛʦʪʦʚʳʡ ʦʪʚʝʪ. 

ɹʘʡʝʩʦʚʩʢʘʷ ʩʝʪʴ ʦʙʥʦʚʣʷʝʪʩʷ ʠʥʢʨʝʤʝʥʪʘʣʴʥʦ: ʧʨʠ ʢʘʞʜʦʤ ʚʟʘʠʤʦʜʝʡʩʪʚʠʠ 

ʧʝʨʝʩʯʠʪʳʚʘʶʪʩʷ ʪʦʣʴʢʦ ʪʝ ʫʟʣʳ, ʢʦʪʦʨʳʝ ʟʘʪʨʦʥʫʪʳ ʜʘʥʥʳʤ ʚʚʦʜʦʤ. ʕʪʦ ʧʦʟʚʦʣʷʝʪ 

ʦʙʝʩʧʝʯʠʪʴ ʥʠʟʢʫʶ ʚʳʯʠʩʣʠʪʝʣʴʥʫʶ ʟʘʜʝʨʞʢʫ ʠ ʧʦʜʜʝʨʞʠʚʘʪʴ ʘʢʪʫʘʣʴʥʦʩʪʴ ʢʦʛʥʠʪʠʚʥʦʛʦ 

ʧʨʦʬʠʣʷ ʚ ʨʝʞʠʤʝ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ. ʐʘʙʣʦʥʳ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʡ ʜʣʷ ʥʘʠʙʦʣʝʝ 

ʨʘʩʧʨʦʩʪʨʘʥʸʥʥʳʭ ʧʨʦʬʠʣʝʡ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʢʵʰʠʨʫʶʪʩʷ, ʯʪʦ ʜʦʧʦʣʥʠʪʝʣʴʥʦ 

ʩʦʢʨʘʱʘʝʪ ʚʨʝʤʷ ʦʪʢʣʠʢʘ ʩʠʩʪʝʤʳ. 

ʇʝʨʩʧʝʢʪʠʚʥʳʤ ʥʘʧʨʘʚʣʝʥʠʝʤ ʦʧʪʠʤʠʟʘʮʠʠ ʷʚʣʷʝʪʩʷ ʚʥʝʜʨʝʥʠʝ ʤʝʪʦʜʘ ʦʙʫʯʝʥʠʷ ʩ 

ʧʦʜʢʨʝʧʣʝʥʠʝʤ ʜʣʷ ʘʚʪʦʤʘʪʠʯʝʩʢʦʡ ʥʘʩʪʨʦʡʢʠ ʚʝʩʦʚ ʧʝʜʘʛʦʛʠʯʝʩʢʠʭ ʩʪʨʘʪʝʛʠʡ. ɺ ʵʪʦʤ 

ʩʮʝʥʘʨʠʠ ʩʠʩʪʝʤʘ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦ ʦʙʥʘʨʫʞʠʚʘʣʘ ʙʳ, ʢʘʢʠʝ ʪʠʧʳ ʧʦʜʩʢʘʟʦʢ ʥʘʠʙʦʣʝʝ 

ʵʬʬʝʢʪʠʚʥʳ ʜʣʷ ʩʪʫʜʝʥʪʦʚ ʩ ʢʦʥʢʨʝʪʥʳʤʠ ʧʨʦʬʠʣʷʤʠ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ, ʠ 

ʢʦʨʨʝʢʪʠʨʦʚʘʣʘ ʙʳ ʛʝʥʝʨʘʪʦʨ ʠʥʩʪʨʫʢʮʠʡ ʙʝʟ ʨʫʯʥʦʛʦ ʚʤʝʰʘʪʝʣʴʩʪʚʘ. 

ɿʘʢʣʶʯʝʥʠʝ ʠ ʥʘʧʨʘʚʣʝʥʠʷ ʜʘʣʴʥʝʡʰʠʭ ʠʩʩʣʝʜʦʚʘʥʠʡ. ɸʨʭʠʪʝʢʪʫʨʘ çɸʜʘʧʪʠʚʥʳʡ 

ʧʨʦʤʧʪʠʥʛè ʨʝʰʘʝʪ ʟʘʜʘʯʫ ʧʝʜʘʛʦʛʠʯʝʩʢʦʛʦ ʩʦʛʣʘʩʦʚʘʥʠʷ ʷʟʳʢʦʚʳʭ ʤʦʜʝʣʝʡ ʯʝʨʝʟ 

ʜʠʥʘʤʠʯʝʩʢʦʝ ʫʧʨʘʚʣʝʥʠʝ ʠʭ ʧʦʚʝʜʝʥʠʝʤ ʥʘ ʫʨʦʚʥʝ ʩʠʩʪʝʤʥʳʭ ʠʥʩʪʨʫʢʮʠʡ. ʂʣʶʯʝʚʳʤ 

ʪʝʭʥʠʯʝʩʢʠʤ ʚʢʣʘʜʦʤ ʷʚʣʷʝʪʩʷ ʩʚʷʟʢʘ ʙʘʡʝʩʦʚʩʢʦʡ ʩʝʪʠ ʢʦʛʥʠʪʠʚʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩ 
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ʛʝʥʝʨʘʪʦʨʦʤ ʤʝʪʘ-ʠʥʩʪʨʫʢʮʠʡ, ʢʦʪʦʨʘʷ ʧʦʟʚʦʣʷʝʪ ʪʨʘʥʩʬʦʨʤʠʨʦʚʘʪʴ LLM ʠʟ ʧʘʩʩʠʚʥʦʛʦ 

ʠʩʪʦʯʥʠʢʘ ʛʦʪʦʚʳʭ ʦʪʚʝʪʦʚ ʚ ʫʧʨʘʚʣʷʝʤʳʡ ʢʦʤʧʦʥʝʥʪ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʦʙʫʯʘʶʱʝʡ 

ʩʠʩʪʝʤʳ. ʉʠʩʪʝʤʘ ʨʘʙʦʪʘʝʪ ʧʨʦʟʨʘʯʥʦ ʜʣʷ ʩʪʫʜʝʥʪʘ, ʥʝ ʪʨʝʙʫʝʪ ʠʟʤʝʥʝʥʠʷ ʠʥʪʝʨʬʝʡʩʘ ʠ 

ʧʨʠʤʝʥʠʤʘ ʢ ʣʶʙʦʡ ʷʟʳʢʦʚʦʡ ʤʦʜʝʣʠ, ʧʦʜʜʝʨʞʠʚʘʶʱʝʡ ʩʠʩʪʝʤʥʳʝ ʠʥʩʪʨʫʢʮʠʠ. ʋʯʝʙʥʳʝ 

ʟʘʚʝʜʝʥʠʷ ʠ ʨʘʟʨʘʙʦʪʯʠʢʠ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʧʣʘʪʬʦʨʤ, ʚʥʝʜʨʷʶʱʠʝ ʷʟʳʢʦʚʳʝ ʤʦʜʝʣʠ, 

ʜʦʣʞʥʳ ʫʯʠʪʳʚʘʪʴ, ʯʪʦ ʧʝʜʘʛʦʛʠʯʝʩʢʠʡ ʵʬʬʝʢʪ ʦʧʨʝʜʝʣʷʝʪʩʷ ʥʝ ʤʦʱʥʦʩʪʴʶ ʤʦʜʝʣʠ, ʘ ʪʝʤ, 

ʥʘʩʢʦʣʴʢʦ ʝʸ ʧʦʚʝʜʝʥʠʝ ʩʦʛʣʘʩʦʚʘʥʦ ʩ ʧʨʠʥʮʠʧʘʤʠ ʦʙʫʯʝʥʠʷ. ʊʝʭʥʦʣʦʛʠʷ ʘʜʘʧʪʠʚʥʦʛʦ 

ʧʨʦʤʧʪʠʥʛʘ ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʜʣʷ ʵʪʦʛʦ ʠʥʬʨʘʩʪʨʫʢʪʫʨʥʳʡ ʠʥʩʪʨʫʤʝʥʪ. ɺ ʯʠʩʣʝ 

ʧʨʠʦʨʠʪʝʪʥʳʭ ʥʘʧʨʘʚʣʝʥʠʡ ʜʘʣʴʥʝʡʰʠʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ð ʟʘʤʝʥʘ ʙʘʡʝʩʦʚʩʢʦʡ ʩʝʪʠ ʥʘ 

ʛʣʫʙʦʢʠʡ ʪʨʘʩʩʠʨʦʚʱʠʢ ʟʥʘʥʠʡ ʜʣʷ ʙʦʣʝʝ ʪʦʯʥʦʛʦ ʫʯʸʪʘ ʜʦʣʛʦʩʨʦʯʥʳʭ ʟʘʚʠʩʠʤʦʩʪʝʡ ʚ 

ʠʩʪʦʨʠʠ ʦʙʫʯʝʥʠʷ; ʚʥʝʜʨʝʥʠʝ ʦʙʫʯʝʥʠʷ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ ʜʣʷ ʘʚʪʦʥʦʤʥʦʡ ʥʘʩʪʨʦʡʢʠ 

ʩʪʨʘʪʝʛʠʡ; ʨʘʩʰʠʨʝʥʠʝ ʩʠʩʪʝʤʳ ʥʘ ʦʙʨʘʙʦʪʢʫ ʤʫʣʴʪʠʤʦʜʘʣʴʥʳʭ ʜʘʥʥʳʭ ð ʨʫʢʦʧʠʩʥʳʭ 

ʨʝʰʝʥʠʡ ʠ ʢʦʜʘ; ʧʝʨʝʥʦʩ ʬʨʝʡʤʚʦʨʢʘ ʩ ʤʘʪʝʤʘʪʠʯʝʩʢʦʛʦ ʘʥʘʣʠʟʘ ʥʘ ʜʠʩʮʠʧʣʠʥʳ ʬʠʟʠʢʠ, 

ʭʠʤʠʠ ʠ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ. 

ʌʠʥʘʥʩʠʨʦʚʘʥʠʝ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʚʳʧʦʣʥʝʥʦ ʚ ʨʘʤʢʘʭ ʧʨʦʝʢʪʘ çʈʘʟʨʘʙʦʪʢʘ ʮʠʬʨʦʚʦʛʦ 

ʜʚʦʡʥʠʢʘ ʧʨʝʜʧʨʠʷʪʠʷ ʧʠʱʝʚʦʡ ʧʨʦʤʳʰʣʝʥʥʦʩʪʠ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ 

ʠʥʪʝʣʣʝʢʪʘ ʠ ʪʝʭʥʦʣʦʛʠʡ IIoTè (2024ï2026), ʬʠʥʘʥʩʠʨʫʝʤʦʛʦ ʄʠʥʠʩʪʝʨʩʪʚʦʤ ʥʘʫʢʠ ʠ 

ʚʳʩʰʝʛʦ ʦʙʨʘʟʦʚʘʥʠʷ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ (ɻʨʘʥʪ ˉ BR24992975). 
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ɸɺʊʆʅʆʄʅɸʗ ɻɽʅɽʈɸʎʀʗ ʉʀʃʃɸɹʋʉʆɺ ʉ ʀʉʇʆʃʔɿʆɺɸʅʀɽʄ 

LANGGRAPH  REACT-ɸɻɽʅʊʆɺ ʀ ʀɽʈɸʈʍʀʏɽʉʂʆɻʆ ɸɻɽʅʊʅʆɻʆ RAG 

G. Amirkhanova, B. Amirkhanov, A., R. Aubakirova 

ʂʘʟʘʭʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

ɸʥʥʦʪʘʮʠʷ. ʈʘʟʨʘʙʦʪʯʠʢʠ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʧʨʦʛʨʘʤʤ ʠʩʧʦʣʴʟʫʶʪ ʨʫʯʥʦʡ ʚʚʦʜ ʢʣʶʯʝʚʳʭ 

ʩʣʦʚ ʚ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʛʝʥʝʨʘʮʠʠ ʢʫʨʩʦʚ. ʊʘʢʘʷ ʟʘʚʠʩʠʤʦʩʪʴ ʦʛʨʘʥʠʯʠʚʘʝʪ ʧʨʦʝʢʪʠʨʦʚʘʥʠʝ 

ʫʯʝʙʥʳʭ ʧʨʦʛʨʘʤʤ ʟʘʨʘʥʝʝ ʟʘʜʘʥʥʳʤʠ ʪʘʢʩʦʥʦʤʠʷʤʠ ʠ ʩʥʠʞʘʝʪ ʚʦʟʤʦʞʥʦʩʪʠ ʦʙʨʘʙʦʪʢʠ 

ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʢʦʨʧʦʨʘʪʠʚʥʳʭ ʜʦʢʫʤʝʥʪʦʚ. ɼʣʷ ʨʝʰʝʥʠʷ ʵʪʦʡ ʧʨʦʙʣʝʤʳ ʤʳ ʧʨʝʜʣʘʛʘʝʤ 

ʘʚʪʦʥʦʤʥʦʛʦ LangGraph ReAct-ʘʛʝʥʪʘ, ʦʙʦʟʥʘʯʝʥʥʦʛʦ ʢʘʢ Course Architect. ʄʳ ʠʩʧʦʣʴʟʫʝʤ 

ʘʛʝʥʪʥʳʡ ʢʦʥʚʝʡʝʨ Retrieval-Augmented Generation ʜʣʷ ʘʥʘʣʠʟʘ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʜʦʢʫʤʝʥʪʦʚ 

ʠ ʩʠʥʪʝʟʘ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʧʨʦʛʨʘʤʤ. ʄ  rʧʨʦʛʨʘʤʤʠʨʫʝʤ ʦʨʢʝʩʪʨʘʪʦʨ ʪʘʢ, 

ʯʪʦʙʳ ʦʥ ʨʘʙʦʪʘʣ ʙʝʟ ʷʚʥʦ ʟʘʜʘʥʥʳʭ ʧʦʣʴʟʦʚʘʪʝʣʝʤ ʧʝʜʘʛʦʛʠʯʝʩʢʠʭ ʮʝʣʝʡ ʠ ʧʨʠʤʝʥʷʣ 

ʤʥʦʛʦʠʥʩʪʨʫʤʝʥʪʘʣʴʥʫʶ ʩʪʨʘʪʝʛʠʶ ʧʦʠʩʢʘ. ɸʛʝʥʪ ʧʦʣʫʯʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʧʝʨʝʯʠʩʣʷʪʴ 

ʜʦʢʫʤʝʥʪʳ, ʩʫʤʤʠʨʦʚʘʪʴ ʥʘʨʨʘʪʠʚʳ ʤʘʢʨʦʫʨʦʚʥʷ, ʠʟʚʣʝʢʘʪʴ ʦʛʣʘʚʣʝʥʠʷ ʠ ʚʳʧʦʣʥʷʪʴ ʧʣʦʪʥʳʡ 

ʩʝʤʘʥʪʠʯʝʩʢʠʡ ʧʦʠʩʢ ʧʦ ʬʨʘʛʤʝʥʪʘʤ. ʄ  rʦʮʝʥʠʣʠ ʬʨʝʡʤʚʦʨʢ ʥʘ ʢʦʨʧʦʨʘʪʠʚʥʦʤ ʢʦʨʧʫʩʝ ʧʦ ʦʭʨʘʥʝ 

ʪʨʫʜʘ, ʩʦʩʪʦʷʱʝʤ ʠʟ ʪʨʝʭ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʜʦʢʫʤʝʥʪʦʚ. ɸʛʝʥʪ ʨʘʟʣʦʞʠʣ ʠʩʭʦʜʥʳʡ 

ʤʘʪʝʨʠʘʣ ʥʘ ʯʝʪʳʨʝ ʪʝʤʘʪʠʯʝʩʢʠʭ ʤʦʜʫʣʷ ʠ ʰʝʩʪʥʘʜʮʘʪʴ ʦʪʜʝʣʴʥʳʭ ʟʘʥʷʪʠʡ. ʉʛʝʥʝʨʠʨʦʚʘʥʥʘʷ 

ʪʘʢʩʦʥʦʤʠʷ ʙʳʣʘ ʩʦʛʣʘʩʦʚʘʥʘ ʩ ʝʩʪʝʩʪʚʝʥʥʳʤʠ ʨʘʟʜʝʣʘʤʠ ʠʩʪʦʯʥʠʢʦʚ ʠ ʦʭʚʘʪʳʚʘʣʘ ʦʙʱʫʶ 

ʙʝʟʦʧʘʩʥʦʩʪʴ, ʵʢʩʧʣʫʘʪʘʮʠʶ ʦʙʦʨʫʜʦʚʘʥʠʷ, ʧʦʞʘʨʥʫʶ ʙʝʟʦʧʘʩʥʦʩʪʴ ʠ ʩʘʥʠʪʘʨʥʳʝ ʧʨʘʚʠʣʘ. ʄʳ 

ʟʘʢʣʶʯʘʝʤ, ʯʪʦ ʩʦʯʝʪʘʥʠʝ ʩʪʨʫʢʪʫʨʥʳʭ ʵʚʨʠʩʪʠʢ ʤʘʢʨʦʫʨʦʚʥʷ ʩ ʩʝʤʘʥʪʠʯʝʩʢʦʡ ʧʨʦʚʝʨʢʦʡ 

ʤʠʢʨʦʫʨʦʚʥʷ ʦʙʝʩʧʝʯʠʚʘʝʪ ʜʦʩʪʘʪʦʯʥʳʡ ʢʦʥʪʝʢʩʪʥʳʡ ʩʠʛʥʘʣ ʜʣʷ ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʦʡ 

ʪʝʤʘʪʠʯʝʩʢʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ. ʄʳ ʧʨʝʜʩʪʘʚʣʷʝʤ ʦʩʥʦʚʘʥʥʫʶ ʥʘ ʜʘʥʥʳʭ ʘʣʴʪʝʨʥʘʪʠʚʫ 

ʛʝʥʝʨʘʪʠʚʥʳʤ ʩʠʩʪʝʤʘʤ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʪʝʭʥʦʣʦʛʠʷʭ, ʟʘʚʠʩʷʱʠʤ ʦʪ ʧʨʦʤʧʪʦʚ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: LangGraph, ReAct-ʘʛʝʥʪ, ʛʝʥʝʨʘʮʠʷ ʩ ʜʦʧʦʣʥʝʥʥʳʤ ʧʦʠʩʢʦʤ, 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʘʷ ʛʝʥʝʨʘʮʠʷ ʢʫʨʩʦʚ, ʧʝʜʘʛʦʛʠʯʝʩʢʠʡ ʜʠʟʘʡʥ, ʙʦʣʴʰʠʝ ʷʟʳʢʦʚʳʝ ʤʦʜʝʣʠ, ʩʠʥʪʝʟ 

ʫʯʝʙʥʳʭ ʧʨʦʛʨʘʤʤ. 

 

ɺʚʝʜʝʥʠʝ. ʇʨʝʧʦʜʘʚʘʪʝʣʠ ʩʪʘʣʢʠʚʘʶʪʩʷ ʩ ʧʨʦʙʣʝʤʦʡ ʧʝʜʘʛʦʛʠʯʝʩʢʦʛʦ ʜʠʟʘʡʥʘ ʧʨʠ 

ʧʨʝʦʙʨʘʟʦʚʘʥʠʠ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʢʦʨʧʦʨʘʪʠʚʥʳʭ ʜʦʢʫʤʝʥʪʦʚ ʚ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ 

ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʝ ʧʨʦʛʨʘʤʤʳ. ʆʨʛʘʥʠʟʘʮʠʠ ʭʨʘʥʷʪ ʦʙʰʠʨʥʳʝ ʤʘʩʩʠʚʳ ʫʯʝʙʥʳʭ ʨʫʢʦʚʦʜʩʪʚ, 

ʥʦʨʤʘʪʠʚʥʳʭ ʠʥʩʪʨʫʢʮʠʡ ʠ ʧʦʣʠʪʠʢ. ʉʦʪʨʫʜʥʠʢʠ ʟʘʪʨʘʯʠʚʘʶʪ ʟʥʘʯʠʪʝʣʴʥʳʝ ʫʩʠʣʠʷ ʥʘ 

ʧʝʨʝʨʘʙʦʪʢʫ ʵʪʠʭ ʜʦʢʫʤʝʥʪʦʚ ʚ ʣʦʛʠʯʝʩʢʠ ʦʨʛʘʥʠʟʦʚʘʥʥʳʝ ʫʯʝʙʥʳʝ ʤʦʜʫʣʠ. ʉʧʝʮʠʘʣʠʩʪʳ 

ʧʦ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʤ ʪʝʭʥʦʣʦʛʠʷʤ ʧʨʠʤʝʥʷʶʪ ʙʦʣʴʰʠʝ ʷʟʳʢʦʚʳʝ ʤʦʜʝʣʠ ʜʣʷ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʛʝʥʝʨʘʮʠʠ ʢʫʨʩʦʚ, ʥʦ ʩʪʘʣʢʠʚʘʶʪʩʷ ʩ ʩʫʱʝʩʪʚʝʥʥʳʤʠ 

ʤʝʪʦʜʦʣʦʛʠʯʝʩʢʠʤʠ ʦʛʨʘʥʠʯʝʥʠʷʤʠ. ʈʘʟʨʘʙʦʪʯʠʢʠ ʦʧʠʨʘʶʪʩʷ ʥʘ zero-shot-ʧʨʦʤʧʪʠʥʛ, 

ʚʳʥʫʞʜʘʷ ʧʦʣʴʟʦʚʘʪʝʣʝʡ ʚʚʦʜʠʪʴ ʧʘʨʘʤʝʪʨʳ ʮʝʣʝʚʦʡ ʘʫʜʠʪʦʨʠʠ, ʢʣʶʯʝʚʳʝ ʩʣʦʚʘ 

ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ ʠ ʟʘʨʘʥʝʝ ʦʧʨʝʜʝʣʝʥʥʳʝ ʫʯʝʙʥʳʝ ʮʝʣʠ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʧʦʣʴʟʦʚʘʪʝʣʠ 

ʧʦʣʫʯʘʶʪ ʫʯʝʙʥʳʝ ʧʨʦʛʨʘʤʤʳ, ʢʦʪʦʨʳʝ ʦʪʨʘʞʘʶʪ ʩʣʦʚʘʨʴ ʠ ʩʪʨʫʢʪʫʨʥʳʝ ʩʤʝʱʝʥʠʷ 

ʯʝʣʦʚʝʯʝʩʢʠʭ ʧʨʦʤʧʪʦʚ, ʘ ʥʝ ʩʢʨʳʪʫʶ ʪʘʢʩʦʥʦʤʠʶ, ʟʘʣʦʞʝʥʥʫʶ ʚ ʠʩʭʦʜʥʦʤ ʤʘʪʝʨʠʘʣʝ. 

ʏʪʦʙʳ ʧʨʝʦʜʦʣʝʪʴ ʦʛʨʘʥʠʯʝʥʠʷ ʛʝʥʝʨʘʮʠʠ, ʟʘʚʠʩʷʱʝʡ ʦʪ ʧʨʦʤʧʪʦʚ, ʤʳ ʧʨʝʜʣʘʛʘʝʤ 

ʛʨʘʬʦʚʦ-ʦʨʢʝʩʪʨʦʚʘʥʥʦʛʦ ʘʚʪʦʥʦʤʥʦʛʦ ʘʛʝʥʪʘ. ʄʳ ʩʧʨʦʝʢʪʠʨʦʚʘʣʠ ʩʠʩʪʝʤʫ ʚ ʨʘʤʢʘʭ 

LangGraph ʠ ʧʨʠʥʷʣʠ ʜʣʷ ʥʝʝ ʨʦʣʴ Course Architect. ʄʳ ʧʨʦʛʨʘʤʤʠʨʫʝʤ ʘʛʝʥʪʘ ʪʘʢ, ʯʪʦʙʳ 

ʦʥ ʧʨʦʭʦʜʠʣ ʯʝʨʝʟ ʩʦʩʪʦʷʥʠʝ-ʟʘʚʠʩʠʤʳʡ ʮʠʢʣ ʢʦʛʥʠʪʠʚʥʳʭ ʜʝʡʩʪʚʠʡ, ʨʝʢʦʥʩʪʨʫʠʨʦʚʘʣ 

ʩʪʨʫʢʪʫʨʳ ʜʦʢʫʤʝʥʪʦʚ ʠ ʚʳʚʦʜʠʣ ʦʧʪʠʤʘʣʴʥʳʝ ʧʝʜʘʛʦʛʠʯʝʩʢʠʝ ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʠʟ 

ʩʳʨʦʛʦ ʪʝʢʩʪʘ. ʄʳ ʚʚʦʜʠʤ ʤʥʦʛʦʠʥʩʪʨʫʤʝʥʪʘʣʴʥʫʶ ʩʪʨʘʪʝʛʠʶ ʧʦʠʩʢʘ ʜʣʷ ʜʦʩʪʫʧʘ ʢ 

ʥʘʨʨʘʪʠʚʥʦʤʫ ʢʦʥʪʝʢʩʪʫ ʤʘʢʨʦʫʨʦʚʥʷ ʠ ʩʝʤʘʥʪʠʯʝʩʢʠʤ ʜʘʥʥʳʤ ʤʠʢʨʦʫʨʦʚʥʷ. 

ɺ ʵʪʦʡ ʩʪʘʪʴʝ ʤʳ ʚʥʦʩʠʤ ʜʚʘ ʚʢʣʘʜʘ. ɺʦ-ʧʝʨʚʳʭ, ʤʳ ʧʨʝʜʩʪʘʚʣʷʝʤ ʘʛʝʥʪʥʳʡ ʢʦʥʚʝʡʝʨ 

Retrieval-Augmented Generation, ʘʜʘʧʪʠʨʦʚʘʥʥʳʡ ʜʣʷ ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʦʛʦ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ 

ʫʯʝʙʥʳʭ ʧʨʦʛʨʘʤʤ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʪʝʭʥʦʣʦʛʠʷʭ. ɺʦ-ʚʪʦʨʳʭ, ʤʳ ʧʨʠʚʦʜʠʤ 

ʵʤʧʠʨʠʯʝʩʢʫʶ  ʧʨʦʚʝʨʢʫ,  ʧʦʢʘʟʳʚʘʶʱʫʶ,  ʯʪʦ  ʘʚʪʦʥʦʤʥʳʝ  ʘʛʝʥʪʳ  ʚʳʧʦʣʥʷʶʪ 
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ʪʝʤʘʪʠʯʝʩʢʫʶ ʜʝʢʦʤʧʦʟʠʮʠʶ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʧʨʦʤʳʰʣʝʥʥʳʭ ʢʦʨʧʫʩʦʚ ʙʝʟ ʷʚʥʦʛʦ 

ʨʫʢʦʚʦʜʩʪʚʘ ʩʦ ʩʪʦʨʦʥʳ ʯʝʣʦʚʝʢʘ. 

ʉʚʷʟʘʥʥʳʝ ʨʘʙʦʪʳ. ʀʩʩʣʝʜʦʚʘʪʝʣʠ ʚ ʦʙʣʘʩʪʠ ʠʥʬʦʨʤʘʪʠʢʠ ʧʨʠʤʝʥʷʶʪ 

ʠʩʢʫʩʩʪʚʝʥʥʳʡ ʠʥʪʝʣʣʝʢʪ ʢ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʤʫ ʧʣʘʥʠʨʦʚʘʥʠʶ ʥʘ ʧʝʨʝʩʝʯʝʥʠʠ ʘʚʪʦʥʦʤʥʳʭ 

ʨʘʩʩʫʞʜʘʶʱʠʭ ʬʨʝʡʤʚʦʨʢʦʚ, ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʛʝʥʝʨʘʮʠʠ ʢʫʨʩʦʚ ʠ ʧʨʦʜʚʠʥʫʪʦʛʦ 

ʧʦʠʩʢʘ ʜʘʥʥʳʭ. 

ʀʩʩʣʝʜʦʚʘʪʝʣʠ ʠʩʧʦʣʴʟʫʶʪ ʢʦʛʥʠʪʠʚʥʦ-ʜʝʡʩʪʚʝʥʥʳʝ ʮʠʢʣʳ ʜʣʷ ʚʳʧʦʣʥʝʥʠʷ ʩʣʦʞʥʳʭ 

ʨʘʙʦʯʠʭ ʧʨʦʮʝʩʩʦʚ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʘʚʪʦʥʦʤʥʳʤʠ ʘʛʝʥʪʘʤʠ. ʈʘʟʨʘʙʦʪʯʠʢʠ ʯʝʨʝʜʫʶʪ 

ʛʝʥʝʨʘʮʠʶ ʚʥʫʪʨʝʥʥʝʡ ʣʦʛʠʢʠ ʩ ʚʳʧʦʣʥʝʥʠʝʤ ʚʥʝʰʥʠʭ ʠʥʩʪʨʫʤʝʥʪʦʚ ʚ ʨʘʤʢʘʭ reasoning 

and acting, ʯʪʦ ʩʥʠʞʘʝʪ ʛʘʣʣʶʮʠʥʘʮʠʠ ʠ ʧʦʚʳʰʘʝʪ ʬʦʢʫʩʠʨʦʚʢʫ ʙʦʣʴʰʠʭ ʷʟʳʢʦʚʳʭ 

ʤʦʜʝʣʝʡ ʥʘ ʟʘʜʘʯʝ [1]. ʆʜʥʘʢʦ ʧʦʩʣʝʜʫʶʱʠʝ ʵʤʧʠʨʠʯʝʩʢʠʝ ʨʘʙʦʪʳ ʚʚʦʜʷʪ ʚʘʞʥʳʝ 

ʦʛʦʚʦʨʢʠ: Barkley et al. [2] ʦʙʥʘʨʫʞʠʣʠ, ʯʪʦ ʘʛʝʥʪʳ, ʜʦʧʦʣʥʝʥʥʳʝ ʠʥʩʪʨʫʤʝʥʪʘʤʠ, ʤʦʛʫʪ 

ʜʝʤʦʥʩʪʨʠʨʦʚʘʪʴ ʩʫʱʝʩʪʚʝʥʥʦ ʙʦʣʝʝ ʚʳʩʦʢʠʝ ʧʦʢʘʟʘʪʝʣʠ ʛʘʣʣʶʮʠʥʘʮʠʡ ʠʟ-ʟʘ 

ʜʦʧʦʣʥʠʪʝʣʴʥʦʡ ʩʣʦʞʥʦʩʪʠ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʚʥʝʰʥʠʭ ʠʥʩʪʨʫʤʝʥʪʦʚ, ʘ Yin et al. [3] 

ʫʩʪʘʥʦʚʠʣʠ ʧʨʠʯʠʥʥʳʡ ʢʦʤʧʨʦʤʠʩʩ ʤʝʞʜʫ ʥʘʜʝʞʥʦʩʪʴʶ ʠ ʚʦʟʤʦʞʥʦʩʪʷʤʠ, ʧʨʠ ʢʦʪʦʨʦʤ 

ʫʩʠʣʝʥʠʝ ʨʘʩʩʫʞʜʝʥʠʷ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʫʚʝʣʠʯʠʚʘʝʪ ʠʥʩʪʨʫʤʝʥʪʘʣʴʥʳʝ ʛʘʣʣʶʮʠʥʘʮʠʠ. 

ʀʥʞʝʥʝʨʳ-ʧʨʦʛʨʘʤʤʠʩʪʳ ʦʪʤʝʯʘʶʪ, ʯʪʦ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʤʥʦʛʦʘʛʝʥʪʥʳʝ ʩʝʪʠ 

ʫʩʠʣʠʚʘʶʪ ʦʰʠʙʢʠ ʚʳʧʦʣʥʝʥʠʷ ʚ ʜʣʠʪʝʣʴʥʳʭ ʟʘʜʘʯʘʭ; ʛʠʙʨʠʜʥʳʝ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ 

ʘʨʭʠʪʝʢʪʫʨʳ ʥʘ ʧʨʘʢʪʠʢʝ ʜʦʩʪʠʛʘʶʪ ʙʦʣʝʝ ʚʳʩʦʢʠʭ ʧʦʢʘʟʘʪʝʣʝʡ ʫʩʧʝʰʥʦʩʪʠ ʟʘʜʘʯ ʠ 

ʤʘʩʰʪʘʙʠʨʫʶʪʩʷ ʵʬʬʝʢʪʠʚʥʝʝ, ʯʝʤ ʧʦʣʥʦʩʪʴʶ ʜʝʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʝ ʘʣʴʪʝʨʥʘʪʠʚʳ [4]. ɼʣʷ 

ʧʦʜʜʝʨʞʘʥʠʷ ʧʦʩʪʦʷʥʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʠ ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ ʥʘʩʳʱʝʥʠʷ ʢʦʥʪʝʢʩʪʥʦʛʦ ʦʢʥʘ 

ʠʥʞʝʥʝʨʳ ʨʘʟʚʝʨʪʳʚʘʶʪ ʥʘʧʨʘʚʣʝʥʥʳʝ ʘʮʠʢʣʠʯʝʩʢʠʝ ʛʨʘʬʳ, ʘ ʪʘʢʠʝ ʬʨʝʡʤʚʦʨʢʠ, ʢʘʢ 

LangGraph, ʧʨʝʜʦʩʪʘʚʣʷʶʪ ʩʦʩʪʦʷʥʠʝ-ʟʘʚʠʩʠʤʫʶ ʘʨʭʠʪʝʢʪʫʨʫ, ʥʝʦʙʭʦʜʠʤʫʶ ʜʣʷ 

ʜʦʣʛʦʩʨʦʯʥʦʛʦ ʘʥʘʣʠʟʘ ʜʦʢʫʤʝʥʪʦʚ ʙʝʟ ʧʦʪʝʨʠ ʦʙʱʝʡ ʮʝʣʠ. 

ʇʨʝʧʦʜʘʚʘʪʝʣʠ ʩʠʥʪʝʟʠʨʫʶʪ ʠʥʜʠʚʠʜʫʘʣʠʟʠʨʦʚʘʥʥʳʝ ʧʣʘʥʳ ʟʘʥʷʪʠʡ ʩ ʧʦʤʦʱʴʶ 

ʩʠʩʪʝʤ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʡ ʛʝʥʝʨʘʮʠʠ ʢʫʨʩʦʚ, ʥʦ ʦʩʪʘʶʪʩʷ ʟʘʚʠʩʠʤʳʤʠ ʦʪ ʯʝʣʦʚʝʯʝʩʢʦʛʦ 

ʚʚʦʜʘ. Anwar et al. [5] ʨʘʟʨʘʙʦʪʘʣʠ ʩʠʩʪʝʤʫ Automated Course Generation - ʙʘʟʦʚʫʶ 

ʧʣʘʪʬʦʨʤʫ, ʚ ʢʦʪʦʨʦʡ ʧʦʣʴʟʦʚʘʪʝʣʠ ʧʨʝʦʙʨʘʟʫʶʪ ʷʚʥʳʝ ʧʨʝʜʧʦʯʪʝʥʠʷ ʠ ʤʝʪʨʠʢʠ ʮʝʣʝʚʦʡ 

ʘʫʜʠʪʦʨʠʠ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʡ ʢʦʥʪʝʥʪ. Althaf et al. [6] ʦʮʝʥʠʣʠ ʨʘʟʛʦʚʦʨʥʳʝ ʯʘʪ-ʙʦʪʳ, ʪʘʢʠʝ 

ʢʘʢ SARA AI, ʛʜʝ ʫʯʘʱʠʝʩʷ ʬʦʨʤʠʨʫʶʪ ʪʨʘʝʢʪʦʨʠʠ ʥʘ ʦʩʥʦʚʝ ʟʘʨʘʥʝʝ ʟʘʜʘʥʥʳʭ ʢʣʶʯʝʚʳʭ 

ʩʣʦʚ ʠ ʚʥʝʰʥʠʭ ʦʙʱʠʭ ʟʥʘʥʠʡ. ʈʘʟʨʘʙʦʪʯʠʢʠ ʩʪʨʦʷʪ ɻ ʪʠ ʩʠʩʪʝʤʳ ʢʘʢ ʥʠʩʭʦʜʷʱʠʝ ʪʝʢʩʪʦʚʳʝ 

ʛʝʥʝʨʘʪʦʨʳ, ʥʝ ʩʧʦʩʦʙʥʳʝ ʦʙʥʘʨʫʞʠʚʘʪʴ ʩʢʨʳʪʳʝ ʩʪʨʫʢʪʫʨʳ ʚʥʫʪʨʠ ʦʛʨʘʥʠʯʝʥʥʦʛʦ 

ʢʦʨʧʦʨʘʪʠʚʥʦʛʦ ʢʦʨʧʫʩʘ; ʧʦʵʪʦʤʫ ʥʘʛʨʫʟʢʘ ʧʦ ʩʪʨʫʢʪʫʨʥʦʤʫ ʧʨʦʝʢʪʠʨʦʚʘʥʠʶ ʣʦʞʠʪʩʷ ʥʘ 

ʧʨʝʧʦʜʘʚʘʪʝʣʷ, ʢʦʪʦʨʳʡ ʜʦʣʞʝʥ ʚʣʘʜʝʪʴ ʥʝʦʙʭʦʜʠʤʳʤ ʧʨʝʜʤʝʪʥʳʤ ʩʣʦʚʘʨʝʤ ʜʣʷ prompting 

ʤʦʜʝʣʠ. ʊʝʤ ʥʝ ʤʝʥʝʝ ʵʤʧʠʨʠʯʝʩʢʠʝ ʜʘʥʥʳʝ ʧʦʜʪʚʝʨʞʜʘʶʪ ʙʘʟʦʚʫʶ ʮʝʥʥʦʩʪʴ ʦʙʫʯʝʥʠʷ ʩ 

ʧʨʠʤʝʥʝʥʠʝʤ ʀʀ: ʩʠʩʪʝʤʘʪʠʯʝʩʢʠʡ ʦʙʟʦʨ 21 ʠʩʩʣʝʜʦʚʘʥʠʷ ʟʘʬʠʢʩʠʨʦʚʘʣ ʧʦʚʳʰʝʥʠʝ 

ʨʝʟʫʣʴʪʘʪʠʚʥʦʩʪʠ ʥʘ 15-35% ʠ ʙʦʣʝʝ ʚʳʩʦʢʫʶ ʫʜʦʚʣʝʪʚʦʨʝʥʥʦʩʪʴ ʫʯʘʱʠʭʩʷ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ 

ʪʨʘʜʠʮʠʦʥʥʳʤʠ ʤʝʪʦʜʘʤʠ. 

ʉʧʝʮʠʘʣʠʩʪʳ ʧʦ ʜʘʥʥʳʤ ʨʝʰʘʶʪ ʧʨʦʙʣʝʤʫ ʜʝʛʨʘʜʘʮʠʠ ʢʦʥʪʝʢʩʪʘ, ʧʨʠʩʫʱʫʶ 

ʩʪʘʪʠʯʝʩʢʠʤ ʩʠʩʪʝʤʘʤ retrieve-then-generate, ʩ ʧʦʤʦʱʴʶ ʘʛʝʥʪʥʳʭ ʢʦʥʚʝʡʝʨʦʚ ʧʦʠʩʢʘ. 

ʉʪʘʥʜʘʨʪʥʳʝ ʤʝʪʦʜʳ RAG ʨʘʟʙʠʚʘʶʪ ʪʝʢʩʪ ʥʘ ʧʨʦʠʟʚʦʣʴʥʳʝ ʬʨʘʛʤʝʥʪʳ, ʨʘʟʨʫʰʘʷ 

ʛʣʦʙʘʣʴʥʳʡ ʥʘʨʨʘʪʠʚʥʳʡ ʢʦʥʪʝʢʩʪ, ʥʝʦʙʭʦʜʠʤʳʡ ʜʣʷ ʩʪʨʫʢʪʫʨʥʦʛʦ ʧʦʥʠʤʘʥʠʷ; 

ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʳʝ ʫʯʝʙʥʳʝ ʧʣʘʪʬʦʨʤʳ ʥʘ ʙʘʟʝ RAG, ʧʨʝʦʜʦʣʝʚʘʶʱʠʝ ɻ ʪʦ ʦʛʨʘʥʠʯʝʥʠʝ, 

ʧʨʦʜʝʤʦʥʩʪʨʠʨʦʚʘʣʠ ʚʳʩʦʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʠ ʠʟʤʝʨʠʤʳʝ ʫʣʫʯʰʝʥʠʷ ʘʢʘʜʝʤʠʯʝʩʢʦʡ 

ʫʩʧʝʚʘʝʤʦʩʪʠ [7], ʘ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʝ ʩʠʩʪʝʤʳ, ʪʘʢʠʝ ʢʘʢ KA-RAG, ʜʦʩʪʠʛʣʠ 91,4% 

ʪʦʯʥʦʩʪʠ ʧʦʠʩʢʘ ʠ 87,6% ʩʝʤʘʥʪʠʯʝʩʢʦʡ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ. ʄʳ ʧʨʝʜʦʩʪʘʚʣʷʝʤ ʘʛʝʥʪʘʤ 

ʠʝʨʘʨʭʠʯʝʩʢʠʝ ʠʥʪʝʨʬʝʡʩʳ ʧʦʠʩʢʘ ʜʣʷ ʜʦʩʪʫʧʘ ʢ ʜʘʥʥʳʤ ʥʘ ʥʝʩʢʦʣʴʢʠʭ ʫʨʦʚʥʷʭ 

ʜʝʪʘʣʠʟʘʮʠʠ, ʤʘʨʰʨʫʪʠʟʠʨʫʷ ʟʘʧʨʦʩʳ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʪʨʝʙʫʝʤʦʛʦ ʦʭʚʘʪʘ ʟʘ ʩʯʝʪ 

ʚʢʣʶʯʝʥʠʷ ʦʨʪʦʛʦʥʘʣʴʥʳʭ ʠʥʩʪʨʫʤʝʥʪʦʚ ʜʣʷ ʩʫʤʤʘʨʠʟʘʮʠʠ ʜʦʢʫʤʝʥʪʦʚ ʠ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ 

ʧʦʠʩʢʘ. ʉʪʨʫʢʪʫʨʥʳʝ ʵʚʨʠʩʪʠʢʠ ʩʦʭʨʘʥʷʶʪʩʷ ʧʫʪʝʤ ʠʟʚʣʝʯʝʥʠʷ ʬʠʟʠʯʝʩʢʦʡ 

ʤʝʪʘʠʥʬʦʨʤʘʮʠʠ ʦʛʣʘʚʣʝʥʠʷ; ʵʪʦʪ ʧʦʜʭʦʜ ʩʦʛʣʘʩʫʝʪʩʷ ʩ ʜʘʥʥʳʤʠ ʦ ʪʦʤ, ʯʪʦ ʚʢʣʶʯʝʥʠʝ 
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ʨʝʬʣʝʢʩʠʚʥʦʛʦ ʘʥʘʣʠʟʘ ʦʰʠʙʦʢ ʚ ʧʨʠʥʷʪʠʝ ʨʝʰʝʥʠʡ ʘʛʝʥʪʦʤ - ʢʘʢ ʚʦ ʬʨʝʡʤʚʦʨʢʝ R2D2 - 

ʩʥʠʞʘʝʪ ʦʰʠʙʢʠ ʥʘʚʠʛʘʮʠʠ ʥʘ 50% ʠ ʚʪʨʦʝ ʧʦʚʳʰʘʝʪ ʧʦʢʘʟʘʪʝʣʠ ʟʘʚʝʨʰʝʥʠʷ ʟʘʜʘʯ [8]. 

Course Architect ʧʦʩʪʨʦʝʥ ʥʘ ʵʪʠʭ ʧʦʠʩʢʦʚʳʭ ʧʘʨʘʜʠʛʤʘʭ ʜʣʷ ʚʳʧʦʣʥʝʥʠʷ 

ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʦʛʦ ʩʠʥʪʝʟʘ ʫʯʝʙʥʳʭ ʧʨʦʛʨʘʤʤ. 

ʄʝʪʦʜʦʣʦʛʠʷ. ʇʦʩʪʨʦʝʥʘ ʘʨʭʠʪʝʢʪʫʨʫ ʩʠʩʪʝʤʳ ʚʦʢʨʫʛ LangGraph ReAct-ʘʛʝʥʪʘ. 

ɼʘʥʥʳʝ ʧʦʜʪʚʝʨʞʜʘʶʪ ʵʪʦʪ ʚʳʙʦʨ: Chomphooyod et al. [9] ʫʩʧʝʰʥʦ ʨʝʘʣʠʟʦʚʘʣʠ 

ʤʥʦʛʦʘʛʝʥʪʥʫʶ ʩʠʩʪʝʤʫ LangGraph ʜʣʷ ʘʚʪʦʤʘʪʠʯʝʩʢʦʡ ʛʝʥʝʨʘʮʠʠ ʩʠʣʣʘʙʫʩʦʚ ʢʫʨʩʦʚ, 

ʧʦʢʘʟʘʚ, ʯʪʦ ʠʪʝʨʘʪʠʚʥʳʝ ʘʛʝʥʪʥʳʝ ʨʘʙʦʯʠʝ ʧʨʦʮʝʩʩʳ ʵʬʬʝʢʪʠʚʥʦ ʨʝʰʘʶʪ ʧʨʦʙʣʝʤʳ 

ʛʘʣʣʶʮʠʥʘʮʠʡ, ʘ Deshmukh et al. [10] ʧʦʜʪʚʝʨʜʠʣʠ, ʯʪʦ ʩʠʩʪʝʤʳ ʥʘ ʙʘʟʝ LLM ʩ RAG-

ʬʨʝʡʤʚʦʨʢʘʤʠ ʟʥʘʯʠʪʝʣʴʥʦ ʧʨʝʚʦʩʭʦʜʷʪ ʪʨʘʜʠʮʠʦʥʥʳʝ rule-based ʠ ʩʪʘʪʠʯʝʩʢʠʝ ʫʯʝʙʥʳʝ 

ʧʣʘʪʬʦʨʤʳ ʚ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʭ ʢʦʥʪʝʢʩʪʘʭ. ʄʳ ʠʥʠʮʠʘʣʠʟʠʨʫʝʤ ʦʨʢʝʩʪʨʘʪʦʨ ʩʠʩʪʝʤʥʳʤ 

ʧʨʦʤʧʪʦʤ, ʢʦʪʦʨʳʡ ʦʧʨʝʜʝʣʷʝʪ ʝʛʦ ʦʧʝʨʘʮʠʦʥʥʫʶ ʨʦʣʴ ʢʘʢ Course Architect. ʍʦʪʷ 

ʥʘʟʥʘʯʝʥʠʝ ʨʦʣʠ ʪʨʝʙʫʝʪ ʘʢʢʫʨʘʪʥʦʛʦ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ - ʠʩʩʣʝʜʦʚʘʥʠʷ ʭʘʨʘʢʪʝʨʠʟʫʶʪ ʝʛʦ 

ʢʘʢ ʧʘʣʢʫ ʦ ʜʚʫʭ ʢʦʥʮʘʭ, ʧʦʩʢʦʣʴʢʫ role-playing-ʧʨʦʤʧʪʳ ʠʥʦʛʜʘ ʫʭʫʜʰʘʶʪ ʨʘʩʩʫʞʜʝʥʠʝ 

[11], ʘ ʧʘʜʝʥʠʝ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʠ ʜʦ 26,2% ʟʘʬʠʢʩʠʨʦʚʘʥʦ ʚ ʨʘʟʥʳʭ ʜʦʤʝʥʘʭ [12], - 

ʤʥʦʛʦ-ʨʦʣʝʚʦʝ ʩʘʤʦ-ʩʦʪʨʫʜʥʠʯʝʩʪʚʦ, ʢʘʢ ʧʦʢʘʟʘʥʦ, ʩʥʠʞʘʝʪ ʬʘʢʪʠʯʝʩʢʠʝ ʛʘʣʣʶʮʠʥʘʮʠʠ ʠ 

ʫʣʫʯʰʘʝʪ ʨʝʰʝʥʠʝ ʩʣʦʞʥʳʭ ʟʘʜʘʯ ʧʨʠ ʧʨʘʚʠʣʴʥʦʡ ʩʪʨʫʢʪʫʨʠʟʘʮʠʠ [13]. ʄʳ 

ʩʧʨʦʝʢʪʠʨʦʚʘʣʠ ʬʨʝʡʤʚʦʨʢ ʪʘʢ, ʯʪʦʙʳ ʦʥ ʧʨʠʥʠʤʘʣ ʥʝʦʙʷʟʘʪʝʣʴʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʝ ʮʝʣʠ 

ʯʝʨʝʟ ʩʠʩʪʝʤʥʳʡ ʧʘʨʘʤʝʪʨ, ʥʦ ʧʦ ʫʤʦʣʯʘʥʠʶ ʧʨʦʛʨʘʤʤʠʨʫʝʤ ʝʛʦ ʥʘ ʨʘʙʦʪʫ ʙʝʟ ʥʠʭ. 

ʂʦʥʪʨʦʣʴ ʧʦʣʴʟʦʚʘʪʝʣʷ ʥʘʜ ʚʭʦʜʥʳʤʠ ʧʘʨʘʤʝʪʨʘʤʠ ʦʙʨʘʟʦʚʘʪʝʣʴʥʦʡ ʩʠʩʪʝʤʳ ʩʠʣʴʥʦ 

ʢʦʨʨʝʣʠʨʫʝʪ ʩ ʧʨʦʟʨʘʯʥʦʩʪʴʶ ʠ ʫʤʝʨʝʥʥʦ - ʩ ʫʜʦʚʣʝʪʚʦʨʝʥʥʦʩʪʴʶ [14], ʘ ʨʝʢʦʤʝʥʜʘʮʠʠ, 

ʧʨʠʚʷʟʘʥʥʳʝ ʢ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʤ ʧʨʝʜʧʦʯʪʝʥʠʷʤ, ʜʦʩʪʠʛʘʶʪ ʙʦʣʝʝ 90% ʩʦʦʪʚʝʪʩʪʚʠʷ 

ʦʞʠʜʘʥʠʷʤ ʧʦʣʴʟʦʚʘʪʝʣʝʡ [15]; ʪʝʤ ʥʝ ʤʝʥʝʝ ʩʠʩʪʝʤʘ ʜʦʣʞʥʘ ʩʦʭʨʘʥʷʪʴ ʩʧʦʩʦʙʥʦʩʪʴ ʢ 

ʘʚʪʦʥʦʤʥʦʡ ʨʘʙʦʪʝ ʧʨʠ ʦʪʩʫʪʩʪʚʠʠ ʷʚʥʳʭ ʮʝʣʝʡ. 

ʇʨʦʠʥʩʪʨʫʢʪʠʨʦʚʘʥʘ ʨʘʙʦʪʘ ʘʛʝʥʪʘ ʚ ʩʦʩʪʦʷʥʠʝ-ʟʘʚʠʩʠʤʦʤ ʮʠʢʣʠʯʝʩʢʦʤ ʢʦʥʪʫʨʝ 

think-act. ʀʪʝʨʘʪʠʚʥʦʝ ʫʪʦʯʥʝʥʠʝ ʨʘʩʩʫʞʜʝʥʠʡ ʠ ʜʝʡʩʪʚʠʡ ʩʪʘʙʠʣʴʥʦ ʧʨʝʚʦʩʭʦʜʠʪ 

ʦʜʥʦʧʨʦʭʦʜʥʫʶ ʛʝʥʝʨʘʮʠʶ: ʠʪʝʨʘʪʠʚʥʘʷ ʦʮʝʥʢʘ ʦʙʦʩʥʦʚʘʥʠʡ ʯʝʨʝʟ ʧʦʩʣʝʜʫʶʱʠʝ ʚʦʧʨʦʩʳ 

ʫʣʫʯʰʘʝʪ ʢʘʢ ʣʦʛʠʯʝʩʢʫʶ ʫʩʪʦʡʯʠʚʦʩʪʴ, ʪʘʢ ʠ ʢʦʨʨʝʢʪʥʦʩʪʴ ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʦʜʥʦʢʨʘʪʥʳʤʠ 

ʧʦʜʭʦʜʘʤʠ ʦʮʝʥʢʠ [16], ʘ ʘʥʩʘʤʙʣʝʚʦʝ ʠʪʝʨʘʪʠʚʥʦʝ ʨʘʩʩʫʞʜʝʥʠʝ ʧʨʝʚʦʩʭʦʜʠʪ zero-shot 

chain-of-thought ʥʘ ʚʝʣʠʯʠʥʫ ʜʦ 5,00% ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʤʦʜʝʣʠ ʠ ʩʣʦʞʥʦʩʪʠ ʚʦʧʨʦʩʘ, 

ʦʜʥʦʚʨʝʤʝʥʥʦ ʧʦʚʳʰʘʷ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʦʪʚʝʪʦʚ [17]. ʅʘ ʢʘʞʜʦʡ ʠʪʝʨʘʮʠʠ ʘʛʝʥʪ ʦʮʝʥʠʚʘʝʪ 

ʩʚʦʡ ʚʥʫʪʨʝʥʥʠʡ ʢʦʥʪʝʢʩʪ, ʚʳʧʦʣʥʷʝʪ ʢʦʥʢʨʝʪʥʳʝ ʚʥʝʰʥʠʝ ʠʥʩʪʨʫʤʝʥʪʳ ʠ ʦʙʥʦʚʣʷʝʪ 

ʪʨʘʩʩʫ ʨʘʩʩʫʞʜʝʥʠʡ ʜʦ ʜʦʩʪʠʞʝʥʠʷ ʢʦʥʝʯʥʦʡ ʩʪʨʫʢʪʫʨʳ ʫʯʝʙʥʦʡ ʧʨʦʛʨʘʤʤʳ. ʌʨʝʡʤʚʦʨʢ 

ReAct ʣʝʞʠʪ ʚ ʦʩʥʦʚʝ ʵʪʦʛʦ ʜʠʟʘʡʥʘ, ʧʦʩʢʦʣʴʢʫ ʧʨʝʦʜʦʣʝʚʘʝʪ ʧʨʦʙʣʝʤʳ ʛʘʣʣʶʮʠʥʘʮʠʡ ʠ 

ʨʘʩʧʨʦʩʪʨʘʥʝʥʠʷ ʦʰʠʙʦʢ, ʭʘʨʘʢʪʝʨʥʳʝ ʜʣʷ chain-of-thought-ʨʘʩʩʫʞʜʝʥʠʷ, ʟʘ ʩʯʝʪ 

ʯʝʨʝʜʫʶʱʝʛʦʩʷ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʩ ʚʥʝʰʥʠʤʠ ʠʩʪʦʯʥʠʢʘʤʠ [18]. 

ʆʩʥʘʱʘʝʤ ʘʛʝʥʪʘ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʤ ʥʘʙʦʨʦʤ ʠʥʩʪʨʫʤʝʥʪʦʚ, ʩʦʜʝʨʞʘʱʠʤ ʯʝʪʳʨʝ 

ʜʝʪʝʨʤʠʥʠʨʦʚʘʥʥʳʝ ʬʫʥʢʮʠʠ. ʀʥʩʪʨʫʤʝʥʪ list_documents ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʠʤʝʥʘ ʬʘʡʣʦʚ ʠ 

ʠʜʝʥʪʠʬʠʢʘʪʦʨʳ ʚʩʝʭ ʜʦʩʪʫʧʥʳʭ ʨʝʩʫʨʩʦʚ ʚ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʡ ʩʨʝʜʝ. ʀʥʩʪʨʫʤʝʥʪ 

get_document_summary ʧʦʣʫʯʘʝʪ ʧʦʣʥʳʡ ʪʝʢʩʪʦʚʳʡ ʦʙʟʦʨ ʫʢʘʟʘʥʥʦʛʦ ʜʦʢʫʤʝʥʪʘ, ʟʘʜʘʚʘʷ 

ʥʘʨʨʘʪʠʚ ʤʘʢʨʦʫʨʦʚʥʷ. ʀʥʩʪʨʫʤʝʥʪ get_document_toc ʠʟʚʣʝʢʘʝʪ ʘʚʪʦʨʩʢʦʝ ʦʛʣʘʚʣʝʥʠʝ ʠ 

ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʩʪʨʫʢʪʫʨʥʳʡ ʢʘʨʢʘʩ ʤʘʪʝʨʠʘʣʘ. ʀʥʩʪʨʫʤʝʥʪ search_documents ʚʦʟʚʨʘʱʘʝʪ 

ʜʚʘʜʮʘʪʴ ʥʘʠʙʦʣʝʝ ʨʝʣʝʚʘʥʪʥʳʭ ʪʝʢʩʪʦʚʳʭ ʬʨʘʛʤʝʥʪʦʚ ʜʣʷ ʟʘʜʘʥʥʦʛʦ ʟʘʧʨʦʩʘ, ʚʳʧʦʣʥʷʷ 

ʧʣʦʪʥʳʡ ʩʝʤʘʥʪʠʯʝʩʢʠʡ ʧʦʠʩʢ ʧʦ ʚʝʢʪʦʨʥʦʤʫ ʠʥʜʝʢʩʫ ChromaDB. 

ʇʨʝʜʦʩʪʘʚʣʷʝʤ ʘʛʝʥʪʫ ʨʘʟʥʦʦʙʨʘʟʥʳʝ ʠ ʤʦʱʥʳʝ ʢʦʛʥʠʪʠʚʥʳʝ ʩʠʛʥʘʣʳ ʯʝʨʝʟ ʠʤʝʥʥʦ 

ʵʪʦ ʩʦʯʝʪʘʥʠʝ ʠʥʩʪʨʫʤʝʥʪʦʚ. ʂʦʛʜʘ ʘʛʝʥʪʳ ʧʦʣʘʛʘʶʪʩʷ ʥʘ ʦʪʜʝʣʴʥʳʡ ʩʝʤʘʥʪʠʯʝʩʢʠʡ ʧʦʠʩʢ, 

ʦʥʠ ʠʟʚʣʝʢʘʶʪ ʠʟʦʣʠʨʦʚʘʥʥʳʝ ʬʨʘʛʤʝʥʪʳ ʠ ʪʝʨʷʶʪ ʙʦʣʝʝ ʰʠʨʦʢʠʡ ʧʝʜʘʛʦʛʠʯʝʩʢʠʡ 

ʢʦʥʪʝʢʩʪ. ʄʥʦʛʦʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʩ ʨʦʣʷʤʠ ʦʮʝʥʱʠʢʘ, ʦʧʪʠʤʠʟʘʪʦʨʘ ʠ ʘʥʘʣʠʪʠʢʘ ʦʩʦʙʝʥʥʦ 

ʵʬʬʝʢʪʠʚʥʳ ʚ ʪʘʢʦʡ ʢʘʩʪʦʤʠʟʠʨʦʚʘʥʥʦʡ ʛʝʥʝʨʘʮʠʠ ʫʯʝʙʥʳʭ ʧʨʦʛʨʘʤʤ ʯʝʨʝʟ ʠʪʝʨʘʪʠʚʥʫʶ 

ʦʧʪʠʤʠʟʘʮʠʶ - ʚʦʟʤʦʞʥʦʩʪʷʭ, ʥʝʜʦʩʪʫʧʥʳʭ ʦʜʥʦʧʨʦʭʦʜʥʳʤ ʠʣʠ rule-based ʩʠʩʪʝʤʘʤ. 

ʇʦʵʪʦʤʫ ʤ  rʠʥʩʪʨʫʢʪʠʨʫʝʤ ʘʛʝʥʪʘ ʩʥʘʯʘʣʘ ʢʘʨʪʠʨʦʚʘʪʴ ʦʙʱʫʶ ʧʨʝʜʤʝʪʥʫʶ ʦʙʣʘʩʪʴ ʧʫʪʝʤ 
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ʘʥʘʣʠʟʘ ʤʘʢʨʦʩʪʨʫʢʪʫʨʳ ʯʝʨʝʟ ʨʝʟʶʤʝ ʠ ʦʛʣʘʚʣʝʥʠʷ, ʘ ʟʘʪʝʤ ʥʘʧʨʘʚʣʷʝʤ ʝʛʦ ʥʘ ʮʝʣʝʚʳʝ 

ʩʝʤʘʥʪʠʯʝʩʢʠʝ ʧʦʠʩʢʠ ʜʣʷ ʚʳʜʝʣʝʥʠʷ ʢʦʥʢʨʝʪʥʳʭ ʬʘʢʪʦʚ ʠ ʧʨʦʮʝʜʫʨʥʳʭ ʰʘʛʦʚ. ʄʳ 

ʧʨʦʛʨʘʤʤʠʨʫʝʤ ʦʨʢʝʩʪʨʘʪʦʨ ʪʘʢ, ʯʪʦʙʳ ʦʥ ʩʠʥʪʝʟʠʨʦʚʘʣ ʵʪʫ ʠʥʬʦʨʤʘʮʠʶ ʠ ʚʳʚʦʜʠʣ, ʛʜʝ 

ʟʘʚʝʨʰʘʝʪʩʷ ʦʜʠʥ ʪʝʤʘʪʠʯʝʩʢʠʡ ʤʦʜʫʣʴ ʠ ʥʘʯʠʥʘʝʪʩʷ ʩʣʝʜʫʶʱʠʡ. 

ɿʘʚʝʨʰʝʥ ʮʠʢʣ ʚʳʧʦʣʥʝʥʠʷ, ʢʦʛʜʘ ʘʛʝʥʪ ʩʦʟʜʘʝʪ ʠʪʦʛʦʚʳʡ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʡ ʘʨʪʝʬʘʢʪ 

ʚ ʬʦʨʤʘʪʝ JSON. ʄʳ ʟʘʜʘʝʤ ʩʪʨʦʛʫʶ ʠʝʨʘʨʭʠʶ, ʚʢʣʶʯʘʶʱʫʶ ʥʘʟʚʘʥʠʝ ʢʫʨʩʘ, ʦʧʠʩʘʥʠʝ 

ʢʫʨʩʘ ʠ ʤʘʩʩʠʚ ʤʦʜʫʣʝʡ. ʂʘʞʜʳʡ ʤʦʜʫʣʴ ʜʦʣʞʝʥ ʩʦʜʝʨʞʘʪʴ ʥʘʟʚʘʥʠʝ ʠ ʤʘʩʩʠʚ ʟʘʥʷʪʠʡ. ɼʣʷ 

ʢʘʞʜʦʛʦ ʟʘʥʷʪʠʷ ʤʳ ʪʨʝʙʫʝʤ ʥʘʟʚʘʥʠʝ, ʦʧʠʩʘʥʠʝ ʠ ʤʘʩʩʠʚ ʦʪʜʝʣʴʥʳʭ ʫʯʝʙʥʳʭ ʮʝʣʝʡ ʚ 

ʪʝʢʩʪʦʚʦʤ ʬʦʨʤʘʪʝ. ʄ  rʠʟʚʣʝʢʘʝʤ JSON-ʩʪʨʫʢʪʫʨʫ ʠʟ markdown-ʚʳʚʦʜʘ ̫ ʟʳʢʦʚʦʡ ʤʦʜʝʣʠ, 

ʦʯʠʱʘʝʤ ʠʩʭʦʜʥʫʶ ʩʪʨʦʢʫ ʠ ʚʳʧʦʣʥʷʝʤ ʚʘʣʠʜʘʮʠʶ ʧʦ ʟʘʨʘʥʝʝ ʦʧʨʝʜʝʣʝʥʥʦʤʫ dataclass 

CourseStructure, ʯʪʦʙʳ ʦʙʝʩʧʝʯʠʪʴ ʩʦʦʪʚʝʪʩʪʚʠʝ ʪʘʢʩʦʥʦʤʠʠ. 

ʈʝʟʫʣʴʪʘʪʳ. ʄʳ ʦʮʝʥʠʣʠ ʧʨʝʜʣʦʞʝʥʥʫʶ ʘʨʭʠʪʝʢʪʫʨʫ ʥʘ ʢʦʨʧʦʨʘʪʠʚʥʦʤ ʢʦʨʧʫʩʝ ʧʦ 

ʦʭʨʘʥʝ ʪʨʫʜʘ. ʄʳ ʩʦʙʨʘʣʠ ʥʘʙʦʨ ʜʘʥʥʳʭ ʠʟ ʪʨʝʭ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʜʦʢʫʤʝʥʪʦʚ, 

ʦʧʠʩʳʚʘʶʱʠʭ ʧʨʦʤʳʰʣʝʥʥʳʝ ʨʝʛʣʘʤʝʥʪʳ, ʵʢʩʧʣʫʘʪʘʮʠʶ ʦʙʦʨʫʜʦʚʘʥʠʷ ʠ ʪʨʝʙʦʚʘʥʠʷ 

ʩʦʦʪʚʝʪʩʪʚʠʷ. ʄʳ ʟʘʧʫʩʪʠʣʠ ʘʛʝʥʪʘ ʙʝʟ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʭ ʮʝʣʝʡ, ʦʛʨʘʥʠʯʝʥʠʡ ʮʝʣʝʚʦʡ 

ʘʫʜʠʪʦʨʠʠ ʠʣʠ ʟʘʧʨʦʰʝʥʥʳʭ ʢʣʶʯʝʚʳʭ ʩʣʦʚ, ʯʪʦʙʳ ʧʨʦʚʝʨʠʪʴ ʝʛʦ ʩʧʦʩʦʙʥʦʩʪʴ ʢ 

ʘʣʛʦʨʠʪʤʠʯʝʩʢʦʡ ʪʝʤʘʪʠʯʝʩʢʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ. ʄʳ ʥʘʙʣʶʜʘʣʠ, ʢʘʢ ʩʠʩʪʝʤʘ ʟʘʛʨʫʞʘʝʪ 

ʢʦʨʧʫʩ ʠ ʬʦʨʤʠʨʫʝʪ ʧʦʣʥʳʡ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʡ ʩʠʣʣʘʙʫʩ. ʅʘʙʣʶʜʘʣʠ, ʢʘʢ ʦʨʢʝʩʪʨʘʪʦʨ 

ʨʘʟʣʦʞʠʣ ʠʩʭʦʜʥʳʡ ʤʘʪʝʨʠʘʣ ʥʘ ʯʝʪʳʨʝ ʦʪʜʝʣʴʥʳʭ ʤʦʜʫʣʷ. ɸʛʝʥʪ ʥʘʟʥʘʯʠʣ ʧʦ ʯʝʪʳʨʝ 

ʟʘʥʷʪʠʷ ʢʘʞʜʦʤʫ ʤʦʜʫʣʶ, ʩʛʝʥʝʨʠʨʦʚʘʚ ʢʦʤʧʣʝʢʩʥʫʶ ʫʯʝʙʥʫʶ ʧʨʦʛʨʘʤʤʫ ʠʟ ʰʝʩʪʥʘʜʮʘʪʠ 

ʟʘʥʷʪʠʡ. ɸʛʝʥʪ ʩʦʛʣʘʩʦʚʘʣ ʩʛʝʥʝʨʠʨʦʚʘʥʥʫʶ ʪʘʢʩʦʥʦʤʠʶ ʩ ʝʩʪʝʩʪʚʝʥʥʳʤʠ ʪʝʤʘʪʠʯʝʩʢʠʤʠ 

ʨʘʟʜʝʣʘʤʠ ʠʩʭʦʜʥʳʭ ʪʝʢʩʪʦʚ. ʆʙʱʠʝ ʥʦʨʤʳ ʦʭʨʘʥʳ ʪʨʫʜʘ ʤʳ ʘʛʨʝʛʠʨʦʚʘʣʠ ʚ ʧʝʨʚʦʤ 

ʤʦʜʫʣʝ. ɹʝʟʦʧʘʩʥʫʶ ʵʢʩʧʣʫʘʪʘʮʠʶ ʪʝʭʥʠʯʝʩʢʦʛʦ ʦʙʦʨʫʜʦʚʘʥʠʷ ʤʳ ʩʬʦʢʫʩʠʨʦʚʘʣʠ ʚʦ 

ʚʪʦʨʦʤ ʤʦʜʫʣʝ. ʇʨʦʪʦʢʦʣʳ ʧʦʞʘʨʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʨʝʘʛʠʨʦʚʘʥʠʝ ʥʘ ʦʧʘʩʥʦʩʪʠ ʤʳ 

ʦʙʲʝʜʠʥʠʣʠ ʚ ʪʨʝʪʴʝʤ ʤʦʜʫʣʝ. ʉʘʥʠʪʘʨʥʳʝ ʪʨʝʙʦʚʘʥʠʷ ʠ ʛʠʛʠʝʥʫ ʨʘʙʦʯʝʛʦ ʤʝʩʪʘ ʤʳ 

ʜʝʪʘʣʠʟʠʨʦʚʘʣʠ ʚ ʬʠʥʘʣʴʥʦʤ ʤʦʜʫʣʝ. ʂʘʞʜʘʷ ʩʛʝʥʝʨʠʨʦʚʘʥʥʘʷ ʫʯʝʙʥʘʷ ʮʝʣʴ ʙʳʣʘ 

ʩʦʧʦʩʪʘʚʣʝʥʘ ʩ ʩʝʤʘʥʪʠʯʝʩʢʠʤʠ ʚʝʢʪʦʨʘʤʠ, ʠʟʚʣʝʯʝʥʥʳʤʠ ʠʟ ʠʥʜʝʢʩʘ ChromaDB. 

ʆʙʩʫʞʜʝʥʠʝ. ʄʳ ʜʝʤʦʥʩʪʨʠʨʫʝʤ ʤʝʪʦʜʦʣʦʛʠʯʝʩʢʠʡ ʧʨʦʨʳʚ ʚ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʤ 

ʧʝʜʘʛʦʛʠʯʝʩʢʦʤ ʜʠʟʘʡʥʝ ʯʝʨʝʟ ʧʦʚʝʜʝʥʠʝ ʘʛʝʥʪʘ Course Architect. ʋʩʧʝʭ ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʦʡ 

ʪʝʤʘʪʠʯʝʩʢʦʡ ʜʝʢʦʤʧʦʟʠʮʠʠ ʤʳ ʩʚʷʟʳʚʘʝʤ ʩ ʠʝʨʘʨʭʠʯʝʩʢʠʤ ʥʘʙʦʨʦʤ ʧʦʠʩʢʦʚʳʭ 

ʠʥʩʪʨʫʤʝʥʪʦʚ. ʀʥʞʝʥʝʨʳ-ʧʨʦʛʨʘʤʤʠʩʪʳ ʩʪʘʣʢʠʚʘʶʪʩʷ ʩ ʧʦʪʝʨʝʡ ʥʘʨʨʘʪʠʚʥʦʛʦ ʢʦʥʪʝʢʩʪʘ, 

ʢʦʛʜʘ ʦʙʨʘʙʘʪʳʚʘʶʪ ʙʦʣʴʰʠʝ ʜʦʢʫʤʝʥʪʳ ʩʪʘʥʜʘʨʪʥʳʤʠ ʛʝʥʝʨʘʪʠʚʥʳʤʠ ʬʨʝʡʤʚʦʨʢʘʤʠ. 

ʊʨʠʘʥʛʫʣʠʨʫʝʤ ʩʝʤʘʥʪʠʯʝʩʢʦʝ ʥʘʤʝʨʝʥʠʝ, ʠʥʪʝʛʨʠʨʫʷ ʦʨʪʦʛʦʥʘʣʴʥʳʝ ʩʠʛʥʘʣʳ. ɿʘʜʘʝʤ 

ʰʠʨʦʢʠʡ ʥʘʨʨʘʪʠʚʥʳʡ ʦʭʚʘʪ ʩ ʧʦʤʦʱʴʶ ʨʝʟʶʤʝ ʜʦʢʫʤʝʥʪʦʚ, ʧʨʝʜʦʩʪʘʚʣʷʝʤ ʩʪʨʫʢʪʫʨʥʳʡ 

ʢʘʨʢʘʩ ʯʝʨʝʟ ʦʛʣʘʚʣʝʥʠʷ ʠ ʧʨʦʚʝʨʷʝʤ ʜʝʪʘʣʴʥʳʝ ʬʘʢʪʳ ʩ ʧʦʤʦʱʴʶ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ 

ʚʝʢʪʦʨʥʦʛʦ ʧʦʠʩʢʘ. 

ʆʙʝʩʧʝʯʠʚʘʝʤ ʧʣʦʪʥʳʡ ʢʦʥʪʝʢʩʪʥʳʡ ʩʠʛʥʘʣ ʯʝʨʝʟ ʚʟʘʠʤʦʜʝʡʩʪʚʠʝ ʠʥʩʪʨʫʤʝʥʪʦʚ 

ʤʘʢʨʦ- ʠ ʤʠʢʨʦʫʨʦʚʥʷ. ʇʨʦʛʨʘʤʤʠʨʫʝʤ ʘʛʝʥʪʘ ʠʩʧʦʣʴʟʦʚʘʪʴ ʵʪʦʪ ʩʠʛʥʘʣ ʜʣʷ ʚʳʷʚʣʝʥʠʷ 

ʝʩʪʝʩʪʚʝʥʥʳʭ ʪʝʤʘʪʠʯʝʩʢʠʭ ʛʨʘʥʠʮ ʚ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʤ ʪʝʢʩʪʝ ʠ ʚʳʚʦʜʘ ʧʝʜʘʛʦʛʠʯʝʩʢʠʭ 

ʣʠʥʠʡ ʨʘʟʜʝʣʘ ʤʝʞʜʫ ʤʦʜʫʣʷʤʠ. ʇʨʦʪʠʚʦʧʦʩʪʘʚʣʷʝʤ ʵʪʦ ʘʣʛʦʨʠʪʤʠʯʝʩʢʦʝ ʦʙʥʘʨʫʞʝʥʠʝ 

ʧʣʘʪʬʦʨʤʘʤ, ʟʘʚʠʩʷʱʠʤ ʦʪ ʢʣʶʯʝʚʳʭ ʩʣʦʚ, ʪʘʢʠʤ ʢʘʢ SARA AI [6] ʠ ʩʠʩʪʝʤʘ Automated 

Course Generation [5]. ʇʦʣʴʟʦʚʘʪʝʣʠ ʥʘʚʷʟʳʚʘʶʪ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ ʚʥʝʰʥʶʶ 

ʪʘʢʩʦʥʦʤʠʶ, ʢʦʛʜʘ ʚʚʦʜʷʪ ʷʚʥʳʝ ʧʨʦʤʧʪʳ ʚ ʪʘʢʠʝ ʙʘʟʦʚʳʝ ʧʣʘʪʬʦʨʤʳ. ʉ ʧʦʤʦʱʴʶ Course 

Architect ʤʳ ʚʳʚʦʜʠʤ ʪʘʢʩʦʥʦʤʠʶ ʠʟ ʛʝʦʤʝʪʨʠʠ ʢʦʨʧʫʩʘ, ʦʙʝʩʧʝʯʠʚʘʷ ʧʨʠʚʷʟʢʫ ʠʪʦʛʦʚʦʡ 

ʫʯʝʙʥʦʡ ʧʨʦʛʨʘʤʤʳ ʢ ʠʩʭʦʜʥʦʤʫ ʤʘʪʝʨʠʘʣʫ. 

ɿʘʢʣʶʯʝʥʠʝ ʠ ʙʫʜʫʱʘʷ ʨʘʙʦʪʘ. ɺ ʵʪʦʡ ʩʪʘʪʴʝ ʤʳ ʧʨʝʜʩʪʘʚʣʷʝʤ ʛʨʘʬʦʚʦ-

ʦʨʢʝʩʪʨʦʚʘʥʥʳʡ ʬʨʝʡʤʚʦʨʢ ʨʘʩʩʫʞʜʝʥʠʷ ʠ ʜʝʡʩʪʚʠʷ ʜʣʷ ʘʚʪʦʥʦʤʥʦʛʦ ʩʠʥʪʝʟʘ ʫʯʝʙʥʳʭ 

ʧʨʦʛʨʘʤʤ. ʄʳ ʧʨʦʘʥʘʣʠʟʠʨʦʚʘʣʠ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʢʦʨʧʦʨʘʪʠʚʥʳʝ ʜʦʢʫʤʝʥʪʳ ʠ 

ʩʛʝʥʝʨʠʨʦʚʘʣʠ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʦʙʨʘʟʦʚʘʪʝʣʴʥʳʝ ʧʨʦʛʨʘʤʤʳ, ʧʨʠʤʝʥʠʚ ʘʛʝʥʪʥʳʡ 

ʢʦʥʚʝʡʝʨ Retrieval-Augmented Generation, ʦʩʥʘʱʝʥʥʳʡ ʠʝʨʘʨʭʠʯʝʩʢʠʤ ʥʘʙʦʨʦʤ 

ʠʥʩʪʨʫʤʝʥʪʦʚ. ʕʢʩʧʝʨʠʤʝʥʪʘʣʴʥʦ ʤ  rʧʦʜʪʚʝʨʜʠʣʠ, ʯʪʦ ʘʛʝʥʪ ʩʝʛʤʝʥʪʠʨʫʝʪ ʢʦʨʧʫʩ ʧʦ 
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ʦʭʨʘʥʝ ʪʨʫʜʘ ʚ ʚʘʣʠʜʠʨʦʚʘʥʥʫʶ JSON-ʪʘʢʩʦʥʦʤʠʶ ʙʝʟ ʷʚʥʳʭ ʧʦʣʴʟʦʚʘʪʝʣʴʩʢʠʭ ʧʨʦʤʧʪʦʚ. 

ʄʳ ʧʨʝʜʦʩʪʘʚʠʣʠ ʢʦʥʪʝʢʩʪʥʳʝ ʩʠʛʥʘʣʳ, ʥʝʦʙʭʦʜʠʤʳʝ ʜʣʷ ʥʝʢʦʥʪʨʦʣʠʨʫʝʤʦʛʦ 

ʪʝʤʘʪʠʯʝʩʢʦʛʦ ʧʣʘʥʠʨʦʚʘʥʠʷ, ʩʦʯʝʪʘʷ ʩʫʤʤʘʨʠʟʘʮʠʶ, ʩʪʨʫʢʪʫʨʥʦʝ ʠʟʚʣʝʯʝʥʠʝ ʠ 

ʩʝʤʘʥʪʠʯʝʩʢʠʡ ʧʦʠʩʢ. 

ɺ ʙʫʜʫʱʠʭ ʠʩʩʣʝʜʦʚʘʥʠʷʭ ʤʳ ʩʦʩʨʝʜʦʪʦʯʠʤʩʷ ʥʘ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʠ ʘʨʭʠʪʝʢʪʫʨʳ 

ʥʘʧʨʘʚʣʝʥʥʦʛʦ ʘʮʠʢʣʠʯʝʩʢʦʛʦ ʛʨʘʬʘ ʜʣʷ ʦʙʨʘʙʦʪʢʠ ʙʦʣʝʝ ʢʨʫʧʥʳʭ ʢʦʨʧʦʨʘʪʠʚʥʳʭ ʦʟʝʨ 

ʜʘʥʥʳʭ, ʩʦʜʝʨʞʘʱʠʭ ʨʘʟʥʦʨʦʜʥʳʝ ʪʝʭʥʠʯʝʩʢʠʝ ʨʫʢʦʚʦʜʩʪʚʘ. ʄʳ ʨʘʩʰʠʨʠʤ JSON-ʩʭʝʤʫ, 

ʚʢʣʶʯʠʚ ʘʚʪʦʤʘʪʠʯʝʩʢʫʶ ʛʝʥʝʨʘʮʠʶ ʬʦʨʤʠʨʫʶʱʠʭ ʦʮʝʥʦʯʥʳʭ ʟʘʜʘʥʠʡ ʠ ʧʨʘʢʪʠʯʝʩʢʠʭ 

ʨʫʙʨʠʢ, ʩʦʧʦʩʪʘʚʣʝʥʥʳʭ ʩ ʠʟʚʣʝʯʝʥʥʳʤʠ ʫʯʝʙʥʳʤʠ ʮʝʣʷʤʠ, ʯʪʦʙʳ ʫʩʠʣʠʪʴ ʢʦʥʚʝʡʝʨ 

ʘʚʪʦʥʦʤʥʦʛʦ ʧʝʜʘʛʦʛʠʯʝʩʢʦʛʦ ʜʠʟʘʡʥʘ. 

ʌʠʥʘʥʩʠʨʦʚʘʥʠʝ. ɸʚʪʦʨ(ʳ) ʟʘʷʚʠʣʠ, ʯʪʦ ʜʣʷ ʵʪʦʡ ʨʘʙʦʪʳ ʠ/ʠʣʠ ʝʝ ʧʫʙʣʠʢʘʮʠʠ ʙʳʣʘ 

ʧʦʣʫʯʝʥʘ ʬʠʥʘʥʩʦʚʘʷ ʧʦʜʜʝʨʞʢʘ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʧʨʦʬʠʥʘʥʩʠʨʦʚʘʥʦ ʄʠʥʠʩʪʝʨʩʪʚʦʤ 

ʦʙʨʘʟʦʚʘʥʠʷ ʠ ʥʘʫʢʠ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ, ʛʨʘʥʪ BR24992975: çʈʘʟʨʘʙʦʪʢʘ ʮʠʬʨʦʚʦʛʦ 

ʜʚʦʡʥʠʢʘ ʧʨʝʜʧʨʠʷʪʠʷ ʧʠʱʝʚʦʡ ʧʨʦʤʳʰʣʝʥʥʦʩʪʠ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʪʝʭʥʦʣʦʛʠʡ 

ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʠ IIoTè. 
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ɸʥʥʦʪʘʮʠʷ. ɺ ʩʪʘʪʴʝ ʧʨʝʜʣʦʞʝʥ ʧʦʜʭʦʜ ʢ ʦʧʪʠʤʠʟʘʮʠʠ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʟʦʥ 

ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ ʥʘ ʦʩʥʦʚʝ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ. ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʩʠʩʪʝʤʘ 

ʦʙʲʝʜʠʥʷʝʪ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʫʶ ʙʘʟʫ ʜʘʥʥʳʭ, ʤʦʜʫʣʴ ʢʦʥʪʨʦʣʷ ʢʘʯʝʩʪʚʘ ʠʥʬʦʨʤʘʮʠʠ, ʩʨʝʜʩʪʚʘ 

ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʪʝʨʨʠʪʦʨʠʡ ʠ ʤʦʜʫʣʴ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ (DSS-Decision 

Support System). ʇʣʘʪʬʦʨʤʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʙʦʨ, ʭʨʘʥʝʥʠʝ, ʚʠʟʫʘʣʠʟʘʮʠʶ ʠ ʘʥʘʣʠʟ 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʭ ʠ ʵʢʦʣʦʛʠʯʝʩʢʠʭ ʜʘʥʥʳʭ, ʚʢʣʶʯʘʷ ʢʦʦʨʜʠʥʘʪʳ ʟʦʥ ʧʘʜʝʥʠʷ, ʨʝʟʫʣʴʪʘʪʳ 

ʧʦʣʝʚʳʭ ʦʙʩʣʝʜʦʚʘʥʠʡ, ʧʦʢʘʟʘʪʝʣʠ ʟʘʛʨʷʟʥʝʥʠʷ ʠ ʩʚʝʜʝʥʠʷ ʦ ʥʘʡʜʝʥʥʳʭ ʬʨʘʛʤʝʥʪʘʭ ʨʘʢʝʪʥʦʡ 

ʪʝʭʥʠʢʠ. ɼʣʷ ʧʦʚʳʰʝʥʠʷ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʤʦʥʠʪʦʨʠʥʛʘ ʧʨʝʜʣʦʞʝʥʘ ʦʧʪʠʤʠʟʘʮʠʦʥʥʘʷ ʤʦʜʝʣʴ, 

ʦʩʥʦʚʘʥʥʘʷ ʥʘ ʠʥʪʝʛʨʘʣʴʥʦʡ ʦʮʝʥʢʝ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʨʠʩʢʘ, ʢʘʯʝʩʪʚʝ ʜʘʥʥʳʭ ʠ ʟʘʪʨʘʪʘʭ ʥʘ 

ʦʙʩʣʝʜʦʚʘʥʠʝ ʪʝʨʨʠʪʦʨʠʡ. ʈʘʟʨʘʙʦʪʘʥ ʮʠʬʨʦʚʦʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʧʘʩʧʦʨʪ ʟʦʥʳ ʧʘʜʝʥʠʷ, 

ʩʦʜʝʨʞʘʱʠʡ ʠʜʝʥʪʠʬʠʢʘʮʠʦʥʥʳʝ, ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʝ ʠ ʵʢʦʣʦʛʠʯʝʩʢʠʝ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ ʦʙʲʝʢʪʘ. 

ɼʣʷ ʨʘʥʞʠʨʦʚʘʥʠʷ ʪʝʨʨʠʪʦʨʠʡ ʠʩʧʦʣʴʟʫʝʪʩʷ ʠʥʪʝʛʨʘʣʴʥʳʡ ʠʥʜʝʢʩ ʨʠʩʢʘ, ʫʯʠʪʳʚʘʶʱʠʡ 

ʟʘʛʨʷʟʥʝʥʠʝ ʧʦʯʚʳ, ʙʣʠʟʦʩʪʴ ʢ ʯʫʚʩʪʚʠʪʝʣʴʥʳʤ ʦʙʲʝʢʪʘʤ, ʯʘʩʪʦʪʫ ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ ʠ 

ʵʢʦʣʦʛʠʯʝʩʢʫʶ ʫʷʟʚʠʤʦʩʪʴ ʪʝʨʨʠʪʦʨʠʠ. ʈʝʟʫʣʴʪʘʪʳ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʧʦʢʘʟʘʣʠ ʚʦʟʤʦʞʥʦʩʪʴ 

ʚʳʜʝʣʝʥʠʷ ʧʨʠʦʨʠʪʝʪʥʳʭ ʟʦʥ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʨʘʮʠʦʥʘʣʴʥʦʛʦ ʨʘʩʧʨʝʜʝʣʝʥʠʷ ʨʝʩʫʨʩʦʚ 

ʦʙʩʣʝʜʦʚʘʥʠʷ. ʇʨʝʜʣʦʞʝʥʥʘʷ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʘ ʤʦʞʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ 

ʢʦʥʪʨʦʣʷ, ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʛʦ ʘʥʘʣʠʟʘ, ʬʦʨʤʠʨʦʚʘʥʠʷ ʮʠʬʨʦʚʳʭ ʧʘʩʧʦʨʪʦʚ ʠ ʧʦʜʜʝʨʞʢʠ 

ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʦʙʣʘʩʪʠ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʨʘʢʝʪʥʦ-ʢʦʩʤʠʯʝʩʢʦʡ ʜʝʷʪʝʣʴʥʦʩʪʠ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: WebGIS, ʵʢʦʣʦʛʠʯʝʩʢʘʷ ʧʘʩʧʦʨʪʠʟʘʮʠʷ, ʟʦʥʳ ʧʘʜʝʥʠʷ, ʨʘʢʝʪʥʦ-

ʢʦʩʤʠʯʝʩʢʘʷ ʜʝʷʪʝʣʴʥʦʩʪʴ, DSS, ʦʮʝʥʢʘ ʨʠʩʢʘ 

 

ɺʚʝʜʝʥʠʝ. ʈʘʟʚʠʪʠʝ ʨʘʢʝʪʥʦ-ʢʦʩʤʠʯʝʩʢʦʡ ʜʝʷʪʝʣʴʥʦʩʪʠ ʪʨʝʙʫʝʪ ʧʦʩʪʦʷʥʥʦʛʦ 

ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʢʦʥʪʨʦʣʷ ʟʦʥ ʧʘʜʝʥʠʷ ʦʪʜʝʣʷʝʤʳʭ ʯʘʩʪʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ʊʘʢʠʝ 

ʪʝʨʨʠʪʦʨʠʠ ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʩʣʦʞʥʦʡ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʡ ʩʪʨʫʢʪʫʨʦʡ ʠ ʪʨʝʙʫʶʪ ʫʯʝʪʘ 

ʨʝʣʴʝʬʘ, ʩʦʩʪʦʷʥʠʷ ʧʦʯʚ, ʚʦʜʥʳʭ ʦʙʲʝʢʪʦʚ, ʙʣʠʟʦʩʪʠ ʥʘʩʝʣʝʥʥʳʭ ʧʫʥʢʪʦʚ, ʤʘʨʰʨʫʪʦʚ 

ʜʦʩʪʫʧʘ, ʣʘʙʦʨʘʪʦʨʥʳʭ ʜʘʥʥʳʭ ʠ ʠʩʪʦʨʠʠ ʧʨʝʜʳʜʫʱʠʭ ʧʘʜʝʥʠʡ. ʇʨʠ ʪʨʘʜʠʮʠʦʥʥʦʤ 

ʧʦʜʭʦʜʝ ʵʪʘ ʠʥʬʦʨʤʘʮʠʷ ʭʨʘʥʠʪʩʷ ʨʘʟʨʦʟʥʝʥʥʦ, ʯʪʦ ʟʘʪʨʫʜʥʷʝʪ ʢʦʤʧʣʝʢʩʥʫʶ ʦʮʝʥʢʫ 

ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʩʦʩʪʦʷʥʠʷ ʠ ʟʘʤʝʜʣʷʝʪ ʧʨʠʥʷʪʠʝ ʨʝʰʝʥʠʡ. ɺ ʩʪʘʪʴʝ [1] ʨʘʩʩʤʘʪʨʠʚʘʝʪʩʷ 

ʧʨʠʤʝʥʝʥʠʝ ʠʥʪʝʨʘʢʪʠʚʥʦʡ ɻʀʉ-ʧʣʘʪʬʦʨʤʳ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʦʮʝʥʢʠ 

ʨʠʩʢʦʚ ʚ ʟʦʥʘʭ ʧʘʜʝʥʠʷ ʦʪʜʝʣʷʝʤʳʭ ʯʘʩʪʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ɸʚʪʦʨʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʮʠʬʨʦʚʳʭ ʢʘʨʪ ʠ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʡ ʙʘʟʳ ʜʘʥʥʳʭ ʧʦʟʚʦʣʷʝʪ 

ʩʠʩʪʝʤʘʪʠʟʠʨʦʚʘʪʴ ʩʚʝʜʝʥʠʷ ʦ ʟʦʥʘʭ ʧʘʜʝʥʠʷ, ʨʝʟʫʣʴʪʘʪʘʭ ʦʙʩʣʝʜʦʚʘʥʠʡ, ʵʢʦʣʦʛʠʯʝʩʢʠʭ 

ʧʦʢʘʟʘʪʝʣʷʭ ʠ ʧʦʪʝʥʮʠʘʣʴʥʦ ʦʧʘʩʥʳʭ ʫʯʘʩʪʢʘʭ. ɼʘʥʥʘʷ ʨʘʙʦʪʘ ̫ ʚʣʷʝʪʩʷ ʥʘʠʙʦʣʝʝ ʙʣʠʟʢʦʡ ʢ 

ʥʘʩʪʦʷʱʝʤʫ ʠʩʩʣʝʜʦʚʘʥʠʶ, ʧʦʩʢʦʣʴʢʫ ʥʘʧʨʷʤʫʶ ʩʚʷʟʘʥʘ ʩ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʝʡ 

ʟʦʥ ʧʘʜʝʥʠʷ ʠ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ɻʀʉ-ʠʥʩʪʨʫʤʝʥʪʦʚ ʜʣʷ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. ɺ 

ʨʘʙʦʪʝ [2] ʧʨʦʘʥʘʣʠʟʠʨʦʚʘʥʳ ʵʢʦʣʦʛʠʯʝʩʢʠʝ ʧʦʩʣʝʜʩʪʚʠʷ ʘʚʘʨʠʡ ʨʘʢʝʪʥʦ-ʢʦʩʤʠʯʝʩʢʦʡ 

ʜʝʷʪʝʣʴʥʦʩʪʠ ʥʘ ʪʝʨʨʠʪʦʨʠʠ ʂʘʟʘʭʩʪʘʥʘ. ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʫʜʝʣʝʥʦ ʚʦʟʜʝʡʩʪʚʠʶ ʘʚʘʨʠʡʥʳʭ 

ʟʘʧʫʩʢʦʚ ʠ ʧʘʜʝʥʠʷ ʬʨʘʛʤʝʥʪʦʚ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ ʥʘ ʧʦʯʚʝʥʥʳʡ ʧʦʢʨʦʚ, ʧʨʠʨʦʜʥʳʝ 

ʢʦʤʧʣʝʢʩʳ ʠ ʥʘʩʝʣʝʥʥʳʝ ʪʝʨʨʠʪʦʨʠʠ. ʈʝʟʫʣʴʪʘʪʳ ʜʘʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʧʦʜʪʚʝʨʞʜʘʶʪ 

ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʩʦʟʜʘʥʠʷ ʮʠʬʨʦʚʳʭ ʩʠʩʪʝʤ ʤʦʥʠʪʦʨʠʥʛʘ, ʢʦʪʦʨʳʝ ʧʦʟʚʦʣʷʶʪ ʦʧʝʨʘʪʠʚʥʦ 

ʬʠʢʩʠʨʦʚʘʪʴ ʵʢʦʣʦʛʠʯʝʩʢʠʝ ʠʟʤʝʥʝʥʠʷ, ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʟʘʛʨʷʟʥʝʥʠʝ ʠ ʬʦʨʤʠʨʦʚʘʪʴ 
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ʦʙʦʩʥʦʚʘʥʥʳʝ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʣʷ ʧʨʠʨʦʜʦʦʭʨʘʥʥʳʭ ʤʝʨʦʧʨʠʷʪʠʡ. ɺ ʠʩʩʣʝʜʦʚʘʥʠʠ [3] 

ʧʨʝʜʣʦʞʝʥʳ ʤʦʜʫʣʠ ʠʥʪʝʛʨʠʨʦʚʘʥʥʦʡ ɻʀʉ-ʩʠʩʪʝʤʳ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʟʦʥ ʧʘʜʝʥʠʷ 

ʦʪʜʝʣʷʝʤʳʭ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ. ɸʚʪʦʨʳ ʨʘʩʩʤʘʪʨʠʚʘʶʪ ʛʝʦʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʤʝʪʦʜʳ, 

ʤʘʪʝʤʘʪʠʯʝʩʢʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʪʨʘʝʢʪʦʨʠʡ ʠ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʫʶ ʦʙʨʘʙʦʪʢʫ ʜʘʥʥʳʭ. ʕʪʘ 

ʨʘʙʦʪʘ ʚʘʞʥʘ ʜʣʷ ʥʘʩʪʦʷʱʝʡ ʩʪʘʪʴʠ, ʧʦʩʢʦʣʴʢʫ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ɻʀʉ-ʧʦʜʭʦʜ ʤʦʞʝʪ 

ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʥʝ ʪʦʣʴʢʦ ʜʣʷ ʦʪʦʙʨʘʞʝʥʠʷ ʫʞʝ ʠʟʚʝʩʪʥʳʭ ʟʦʥ ʧʘʜʝʥʠʷ, ʥʦ ʠ ʜʣʷ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʦʪʝʥʮʠʘʣʴʥʦ ʦʧʘʩʥʳʭ ʪʝʨʨʠʪʦʨʠʡ, ʯʪʦ ʧʦʚʳʰʘʝʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʧʣʘʥʠʨʦʚʘʥʠʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ. ɺ ʩʪʘʪʴʝ [4] ʧʨʝʜʩʪʘʚʣʝʥʘ ʚʝʙ-

ʦʨʠʝʥʪʠʨʦʚʘʥʥʘʷ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʘʷ ʩʠʩʪʝʤʘ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʜʣʷ 

ʤʦʥʠʪʦʨʠʥʛʘ ʟʘʛʨʷʟʥʠʪʝʣʝʡ ʧʦʜʟʝʤʥʳʭ ʚʦʜ. ɸʚʪʦʨʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ WebGIS ʠ SDSS 

ʧʦʟʚʦʣʷʶʪ ʦʙʲʝʜʠʥʷʪʴ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʝ ʜʘʥʥʳʝ, ʨʝʟʫʣʴʪʘʪʳ ʠʟʤʝʨʝʥʠʡ ʠ ʘʥʘʣʠʪʠʯʝʩʢʠʝ 

ʠʥʩʪʨʫʤʝʥʪʳ ʚ ʝʜʠʥʦʡ ʮʠʬʨʦʚʦʡ ʩʨʝʜʝ. ʊʘʢʦʡ ʧʦʜʭʦʜ ʤʦʞʝʪ ʙʳʪʴ ʘʜʘʧʪʠʨʦʚʘʥ ʜʣʷ ʟʦʥ 

ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ, ʛʜʝ ʪʘʢʞʝ ʪʨʝʙʫʝʪʩʷ ʘʥʘʣʠʟ ʟʘʛʨʷʟʥʝʥʠʷ, 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʘʷ ʚʠʟʫʘʣʠʟʘʮʠʷ ʠ ʚʳʙʦʨ ʧʨʠʦʨʠʪʝʪʥʳʭ ʫʯʘʩʪʢʦʚ ʜʣʷ ʦʙʩʣʝʜʦʚʘʥʠʷ. ɺ 

ʨʘʙʦʪʝ [5] ʦʧʠʩʘʥʘ WebGIS-ʩʠʩʪʝʤʘ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʟʘʩʦʣʝʥʥʳʭ ʠ 

ʱʝʣʦʯʥʳʭ ʧʦʯʚ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʚʦʟʤʦʞʥʦʩʪʠ ʠʥʪʝʛʨʘʮʠʠ ʜʠʩʪʘʥʮʠʦʥʥʳʭ 

ʜʘʥʥʳʭ, ʧʦʯʚʝʥʥʳʭ ʧʦʢʘʟʘʪʝʣʝʡ ʠ ʢʘʨʪʦʛʨʘʬʠʯʝʩʢʦʛʦ ʠʥʪʝʨʬʝʡʩʘ ʜʣʷ ʦʮʝʥʢʠ ʩʦʩʪʦʷʥʠʷ 

ʪʝʨʨʠʪʦʨʠʡ. ɼʘʥʥʳʡ ʧʦʜʭʦʜ ʧʨʝʜʩʪʘʚʣʷʝʪ ʠʥʪʝʨʝʩ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʟʦʥ 

ʧʘʜʝʥʠʷ, ʪʘʢ ʢʘʢ ʢʦʥʪʨʦʣʴ ʩʦʩʪʦʷʥʠʷ ʧʦʯʚʳ ̫ ʚʣʷʝʪʩʷ ʦʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ ɻ ʣʝʤʝʥʪʦʚ ʦʮʝʥʢʠ 

ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ. ɺ ʩʪʘʪʴʝ [6] ʧʨʝʜʣʦʞʝʥ ʚʝʙ-ɻʀʉ-ʠʥʩʪʨʫʤʝʥʪ ʜʣʷ ʢʦʤʧʣʝʢʩʥʦʡ 

ʦʮʝʥʢʠ ʚʦʜʥʳʭ ʨʝʩʫʨʩʦʚ ʠ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. ɸʚʪʦʨʳ ʧʦʜʯʝʨʢʠʚʘʶʪ, ʯʪʦ ʪʘʢʠʝ 

ʩʠʩʪʝʤʳ ʧʦʟʚʦʣʷʶʪ ʚʠʟʫʘʣʠʟʠʨʦʚʘʪʴ ʧʦʢʘʟʘʪʝʣʠ ʢʘʯʝʩʪʚʘ, ʚʳʧʦʣʥʷʪʴ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʡ 

ʘʥʘʣʠʟ ʠ ʧʨʝʜʦʩʪʘʚʣʷʪʴ ʠʥʬʦʨʤʘʮʠʶ ʢʘʢ ʵʢʩʧʝʨʪʘʤ, ʪʘʢ ʠ ʧʦʣʴʟʦʚʘʪʝʣʷʤ ʙʝʟ ʩʧʝʮʠʘʣʴʥʦʡ 

ʧʦʜʛʦʪʦʚʢʠ. 

ɼʣʷ ʥʘʩʪʦʷʱʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʵʪʘ ʨʘʙʦʪʘ ʚʘʞʥʘ ʪʝʤ, ʯʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʨʘʢʪʠʯʝʩʢʫʶ 

ʮʝʥʥʦʩʪʴ WebGIS-DSS-ʧʣʘʪʬʦʨʤ ʧʨʠ ʫʧʨʘʚʣʝʥʠʠ ʵʢʦʣʦʛʠʯʝʩʢʠʤʠ ʠ ʧʨʠʨʦʜʦʨʝʩʫʨʩʥʳʤʠ 

ʜʘʥʥʳʤʠ. ɺ ʠʩʩʣʝʜʦʚʘʥʠʠ [7] ʨʘʟʨʘʙʦʪʘʥʦ GIS-web-ʧʨʠʣʦʞʝʥʠʝ ʜʣʷ ʦʮʝʥʢʠ ʢʘʯʝʩʪʚʘ 

ʧʦʜʟʝʤʥʳʭ ʚʦʜ ʠ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. ɺ ʨʘʙʦʪʝ ʠʩʧʦʣʴʟʫʶʪʩʷ 

ʤʥʦʛʦʢʨʠʪʝʨʠʘʣʴʥʳʝ ʧʦʜʭʦʜʳ, ʚʝʩʦʚʳʝ ʢʦʵʬʬʠʮʠʝʥʪʳ ʠ ʧʨʘʚʠʣʘ ʢʣʘʩʩʠʬʠʢʘʮʠʠ ʢʘʯʝʩʪʚʘ. 

ʕʪʠ ʤʝʪʦʜʳ ʤʦʛʫʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥʳ ʧʨʠ ʨʘʟʨʘʙʦʪʢʝ ʤʦʜʫʣʷ ʦʮʝʥʢʠ ɻ ʢʦʣʦʛʠʯʝʩʢʦʛʦ ʨʠʩʢʘ 

ʟʦʥ ʧʘʜʝʥʠʷ, ʛʜʝ ʥʝʦʙʭʦʜʠʤʦ ʫʯʠʪʳʚʘʪʴ ʥʝʩʢʦʣʴʢʦ ʬʘʢʪʦʨʦʚ: ʟʘʛʨʷʟʥʝʥʠʝ, ʙʣʠʟʦʩʪʴ ʢ 

ʥʘʩʝʣʝʥʥʳʤ ʧʫʥʢʪʘʤ, ɻ ʢʦʣʦʛʠʯʝʩʢʫʶ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴ ʪʝʨʨʠʪʦʨʠʠ, ʘʢʪʫʘʣʴʥʦʩʪʴ ʜʘʥʥʳʭ ʠ 

ʠʩʪʦʨʠʶ ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ. ɺ ʩʪʘʪʴʝ [8] ʧʨʝʜʩʪʘʚʣʝʥʘ ʠʥʪʝʨʘʢʪʠʚʥʘʷ WebGIS-

ʧʣʘʪʬʦʨʤʘ ʜʣʷ ʠʥʪʝʛʨʘʮʠʠ ʵʢʦʣʦʛʠʯʝʩʢʠʭ ʜʘʥʥʳʭ ʠ ʢʘʨʪʠʨʦʚʘʥʠʷ ʚʦʩʧʨʠʠʤʯʠʚʦʩʪʠ 

ʪʝʨʨʠʪʦʨʠʠ ʢ ʟʘʛʨʷʟʥʝʥʠʶ. ɸʚʪʦʨʳ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ ʦʙʲʝʜʠʥʝʥʠʝ ʢʘʨʪʦʛʨʘʬʠʯʝʩʢʠʭ ʩʣʦʝʚ, 

ʵʢʦʣʦʛʠʯʝʩʢʠʭ ʧʦʢʘʟʘʪʝʣʝʡ ʠ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ ʧʦʚʳʰʘʝʪ ʢʘʯʝʩʪʚʦ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʡ 

ʠʥʪʝʨʧʨʝʪʘʮʠʠ ʜʘʥʥʳʭ. ɼʘʥʥʳʡ ʧʦʜʭʦʜ ʤʦʞʝʪ ʙʳʪʴ ʧʨʠʤʝʥʝʥ ʧʨʠ ʩʦʟʜʘʥʠʠ ʮʠʬʨʦʚʦʛʦ 

ʧʘʩʧʦʨʪʘ ʟʦʥʳ ʧʘʜʝʥʠʷ, ʛʜʝ ʪʨʝʙʫʝʪʩʷ ʢʦʤʧʣʝʢʩʥʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʠʥʬʦʨʤʘʮʠʠ ʦ 

ʟʘʛʨʷʟʥʝʥʠʠ, ʣʘʥʜʰʘʬʪʝ, ʦʙʲʝʢʪʘʭ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʠ ʧʨʠʨʦʜʥʳʭ ʦʛʨʘʥʠʯʝʥʠʷʭ. 

ɺ ʨʘʙʦʪʝ [9] ʨʘʩʩʤʦʪʨʝʥʘ WebGIS-ʩʠʩʪʝʤʘ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʜʣʷ 

ʫʧʨʘʚʣʝʥʠʷ ʟʘʙʨʦʰʝʥʥʳʤʠ ʰʘʭʪʘʤʠ. ʅʝʩʤʦʪʨʷ ʥʘ ʦʪʣʠʯʠʝ ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ, ʜʘʥʥʦʝ 

ʠʩʩʣʝʜʦʚʘʥʠʝ ʙʣʠʟʢʦ ʧʦ ʤʝʪʦʜʦʣʦʛʠʠ, ʧʦʩʢʦʣʴʢʫ ʪʘʢʞʝ ʩʚʷʟʘʥʦ ʩ ʪʝʭʥʦʛʝʥʥʳʤʠ 

ʪʝʨʨʠʪʦʨʠʷʤʠ, ʵʢʦʣʦʛʠʯʝʩʢʠʤʠ ʨʠʩʢʘʤʠ, ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʤʠ ʙʘʟʘʤʠ ʜʘʥʥʳʭ ʠ ʚʳʙʦʨʦʤ 

ʧʨʠʦʨʠʪʝʪʥʳʭ ʤʝʨʦʧʨʠʷʪʠʡ. ʆʧʳʪ ʪʘʢʠʭ ʩʠʩʪʝʤ ʤʦʞʝʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥ ʧʨʠ ʨʘʟʨʘʙʦʪʢʝ 

DSS-ʤʦʜʫʣʷ ʜʣʷ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ɺ ʩʪʘʪʴʝ [10] ʧʨʝʜʣʦʞʝʥʘ 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʘʷ ʩʠʩʪʝʤʘ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʜʣʷ ʨʝʛʠʦʥʘʣʴʥʦʡ ʦʮʝʥʢʠ ʨʠʩʢʘ 

ʟʘʛʨʷʟʥʝʥʥʳʭ ʪʝʨʨʠʪʦʨʠʡ. ɸʚʪʦʨʳ ʨʘʩʩʤʘʪʨʠʚʘʶʪ ʠʥʪʝʛʨʘʮʠʶ ʨʘʟʣʠʯʥʳʭ ʪʠʧʦʚ ʜʘʥʥʳʭ, 

ʨʘʩʯʝʪ ʦʪʥʦʩʠʪʝʣʴʥʦʛʦ ʨʠʩʢʘ ʠ ʢʘʨʪʦʛʨʘʬʠʯʝʩʢʦʝ ʧʨʝʜʩʪʘʚʣʝʥʠʝ ʨʝʟʫʣʴʪʘʪʦʚ. ʕʪʘ ʨʘʙʦʪʘ 

ʠʤʝʝʪ ʟʥʘʯʝʥʠʝ ʜʣʷ ʥʘʩʪʦʷʱʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ, ʧʦʩʢʦʣʴʢʫ ʧʦʜʪʚʝʨʞʜʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ 
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ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʠʥʪʝʛʨʘʣʴʥʳʭ ʠʥʜʝʢʩʦʚ ʨʠʩʢʘ ʠ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʛʦ ʘʥʘʣʠʟʘ ʜʣʷ 

ʨʘʥʞʠʨʦʚʘʥʠʷ ʪʝʨʨʠʪʦʨʠʡ ʧʦ ʩʪʝʧʝʥʠ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʦʧʘʩʥʦʩʪʠ. 

ʎʝʣʴʶ ʜʘʥʥʦʡ ʨʘʙʦʪʳ ʷʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʢʦʥʮʝʧʮʠʠ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ ʜʣʷ 

ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ ʩ ʤʦʜʫʣʝʤ ʦʮʝʥʢʠ 

ʨʠʩʢʦʚ, ʢʦʥʪʨʦʣʷ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ ʠ ʦʧʪʠʤʠʟʘʮʠʠ ʤʦʥʠʪʦʨʠʥʛʦʚʳʭ ʤʝʨʦʧʨʠʷʪʠʡ. 

ʄʘʪʝʨʠʘʣʳ ʠ ʤʝʪʦʜʳ. ʇʨʝʜʣʘʛʘʝʤʘʷ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʘ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ 

ʤʥʦʛʦʫʨʦʚʥʝʚʫʶ ʠʥʬʦʨʤʘʮʠʦʥʥʦ-ʘʥʘʣʠʪʠʯʝʩʢʫʶ ʩʠʩʪʝʤʫ, ʧʨʝʜʥʘʟʥʘʯʝʥʥʫʶ ʜʣʷ ʨʘʙʦʪʳ ʩ 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʤʠ ʠ ʘʪʨʠʙʫʪʠʚʥʳʤʠ ʵʢʦʣʦʛʠʯʝʩʢʠʤʠ ʜʘʥʥʳʤʠ. ɸʨʭʠʪʝʢʪʫʨʘ ʧʣʘʪʬʦʨʤʳ 

ʚʢʣʶʯʘʝʪ ʫʨʦʚʝʥʴ ʩʙʦʨʘ ʜʘʥʥʳʭ, ʫʨʦʚʝʥʴ ʢʦʥʪʨʦʣʷ ʢʘʯʝʩʪʚʘ, ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʫʶ ʙʘʟʫ 

ʜʘʥʥʳʭ, ʘʥʘʣʠʪʠʯʝʩʢʠʡ ʤʦʜʫʣʴ ʦʮʝʥʢʠ ʨʠʩʢʘ, DSS-ʤʦʜʫʣʴ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ, 

ʢʘʨʪʦʛʨʘʬʠʯʝʩʢʠʡ ʚʝʙ-ʠʥʪʝʨʬʝʡʩ ʠ ʤʦʜʫʣʴ ʬʦʨʤʠʨʦʚʘʥʠʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʧʘʩʧʦʨʪʘ. 
 

ʈʠʩ. 1 ʆʙʱʘʷ ʩʪʨʫʢʪʫʨʘ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ ʜʣʷ ɻ ʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʟʦʥ ʧʘʜʝʥʠʷ 

ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ 

 

ʅʘ ʨʠʩʫʥʢʝ 1 ʧʨʝʜʩʪʘʚʣʝʥʘ ʦʙʱʘʷ ʩʪʨʫʢʪʫʨʘ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʡ 

ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ʉʠʩʪʝʤʘ ʚʢʣʶʯʘʝʪ 

ʧʦʩʣʝʜʦʚʘʪʝʣʴʥʳʝ ʫʨʦʚʥʠ ʩʙʦʨʘ ʜʘʥʥʳʭ, ʢʦʥʪʨʦʣʷ ʢʘʯʝʩʪʚʘ, ʭʨʘʥʝʥʠʷ ʚ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦʡ 

ʙʘʟʝ ʜʘʥʥʳʭ, ʘʥʘʣʠʟʘ ʨʠʩʢʘ ʠ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. ʅʘ ʦʩʥʦʚʝ ʧʦʩʪʫʧʘʶʱʠʭ 

ʢʦʦʨʜʠʥʘʪ, ʨʝʟʫʣʴʪʘʪʦʚ ʦʙʩʣʝʜʦʚʘʥʠʡ, ʣʘʙʦʨʘʪʦʨʥʳʭ ʜʘʥʥʳʭ ʠ ʩʚʝʜʝʥʠʡ ʦ ʬʨʘʛʤʝʥʪʘʭ 

ʬʦʨʤʠʨʫʝʪʩʷ ʝʜʠʥʘʷ ʙʘʟʘ PostgreSQL/PostGIS. ɸʥʘʣʠʪʠʯʝʩʢʠʡ ʠ DSS-ʤʦʜʫʣʠ ʧʦʟʚʦʣʷʶʪ 

ʨʘʩʩʯʠʪʳʚʘʪʴ ʫʨʦʚʝʥʴ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʨʠʩʢʘ, ʨʘʥʞʠʨʦʚʘʪʴ ʟʦʥʳ ʧʦ ʧʨʠʦʨʠʪʝʪʫ 

ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʬʦʨʤʠʨʦʚʘʪʴ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʣʷ ʧʦʚʪʦʨʥʦʛʦ ʦʙʩʣʝʜʦʚʘʥʠʷ. ʀʪʦʛʦʤ ʨʘʙʦʪʳ 

ʧʣʘʪʬʦʨʤʳ ʷʚʣʷʝʪʩʷ ʮʠʬʨʦʚʦʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʧʘʩʧʦʨʪ ʟʦʥʳ ʠ ʥʘʙʦʨ ʫʧʨʘʚʣʝʥʯʝʩʢʠʭ 

ʨʝʢʦʤʝʥʜʘʮʠʡ ʜʣʷ ʦʧʪʠʤʠʟʘʮʠʠ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʢʦʥʪʨʦʣʷ. 

ʎʠʬʨʦʚʦʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʧʘʩʧʦʨʪ ʟʦʥʳ. ʎʠʬʨʦʚʦʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʧʘʩʧʦʨʪ ʟʦʥʳ 

ʧʘʜʝʥʠʷ ʷʚʣʷʝʪʩʷ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʡ ʟʘʧʠʩʴʶ, ʦʙʲʝʜʠʥʷʶʱʝʡ ʚʩʝ ʦʩʥʦʚʥʳʝ ʩʚʝʜʝʥʠʷ ʦ 

ʪʝʨʨʠʪʦʨʠʠ. ʆʥ ʜʦʣʞʝʥ ʚʢʣʶʯʘʪʴ ʠʜʝʥʪʠʬʠʢʘʮʠʦʥʥʳʝ ʜʘʥʥʳʝ, ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʝ ʜʘʥʥʳʝ, 

ʵʢʦʣʦʛʠʯʝʩʢʠʝ ʧʦʢʘʟʘʪʝʣʠ, ʠʩʪʦʨʠʶ ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ, ʦʮʝʥʢʫ ʨʠʩʢʘ ʠ ʢʘʯʝʩʪʚʘ 

ʜʘʥʥʳʭ, ʘ ʪʘʢʞʝ ʙʣʦʢ ʫʧʨʘʚʣʝʥʯʝʩʢʠʭ ʨʝʰʝʥʠʡ. 
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ʈʠʩ. 2 ʉʪʨʫʢʪʫʨʘ ʮʠʬʨʦʚʦʛʦ ɻ ʢʦʣʦʛʠʯʝʩʢʦʛʦ ʧʘʩʧʦʨʪʘ ʟʦʥʳ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ 

ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ 

 

ʅʘ ʨʠʩʫʥʢʝ 2 ʧʦʢʘʟʘʥʘ ʩʪʨʫʢʪʫʨʘ ʮʠʬʨʦʚʦʛʦ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʧʘʩʧʦʨʪʘ ʟʦʥʳ ʧʘʜʝʥʠʷ 

ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ʇʘʩʧʦʨʪ ʦʙʲʝʜʠʥʷʝʪ ʠʜʝʥʪʠʬʠʢʘʮʠʦʥʥʳʝ ʩʚʝʜʝʥʠʷ, 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʝ ʜʘʥʥʳʝ, ʵʢʦʣʦʛʠʯʝʩʢʠʝ ʧʦʢʘʟʘʪʝʣʠ, ʠʩʪʦʨʠʶ ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ, 

ʦʮʝʥʢʫ ʨʠʩʢʘ ʠ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ, ʘ ʪʘʢʞʝ ʙʣʦʢ ʫʧʨʘʚʣʝʥʯʝʩʢʠʭ ʨʝʰʝʥʠʡ. ʊʘʢʘʷ ʩʪʨʫʢʪʫʨʘ 

ʧʦʟʚʦʣʷʝʪ ʩʠʩʪʝʤʥʦ ʭʨʘʥʠʪʴ ʠʥʬʦʨʤʘʮʠʶ ʦ ʟʦʥʝ, ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʫʨʦʚʝʥʴ ʵʢʦʣʦʛʠʯʝʩʢʦʡ 

ʦʧʘʩʥʦʩʪʠ ʠ ʦʧʨʝʜʝʣʷʪʴ ʧʨʠʦʨʠʪʝʪʥʳʝ ʤʝʨʦʧʨʠʷʪʠʷ ʧʦ ʤʦʥʠʪʦʨʠʥʛʫ. ʀʪʦʛʦʤ ʷʚʣʷʝʪʩʷ 

ʩʬʦʨʤʠʨʦʚʘʥʥʳʡ ʮʠʬʨʦʚʦʡ ʧʘʩʧʦʨʪ, ʢʦʪʦʨʳʡ ʤʦʞʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʜʣʷ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ 

ʢʦʥʪʨʦʣʷ, ʦʪʯʝʪʥʦʩʪʠ ʠ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. 

ʆʧʪʠʤʠʟʘʮʠʦʥʥʘʷ ʤʦʜʝʣʴ ʧʣʘʪʬʦʨʤʳ. ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʠ ʦʧʪʠʤʠʟʘʮʠʠ. 

ʕʢʦʣʦʛʠʯʝʩʢʠʡ ʤʦʥʠʪʦʨʠʥʛ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ ʩʚʷʟʘʥ ʩ ʦʛʨʘʥʠʯʝʥʥʳʤʠ 

ʨʝʩʫʨʩʘʤʠ: ʚʨʝʤʝʥʝʤ ʨʘʙʦʪʳ ʩʧʝʮʠʘʣʠʩʪʦʚ, ʢʦʣʠʯʝʩʪʚʦʤ ʧʦʣʝʚʳʭ ʛʨʫʧʧ, ʩʪʦʠʤʦʩʪʴʶ 

ʣʘʙʦʨʘʪʦʨʥʳʭ ʘʥʘʣʠʟʦʚ, ʜʦʩʪʫʧʥʦʩʪʴʶ ʪʨʘʥʩʧʦʨʪʘ ʠ ʫʜʘʣʝʥʥʦʩʪʴʶ ʪʝʨʨʠʪʦʨʠʡ. ʇʦʵʪʦʤʫ 

ʦʩʥʦʚʥʘʷ ʟʘʜʘʯʘ ʧʣʘʪʬʦʨʤʳ ʟʘʢʣʶʯʘʝʪʩʷ ʥʝ ʪʦʣʴʢʦ ʚ ʭʨʘʥʝʥʠʠ ʜʘʥʥʳʭ, ʥʦ ʠ ʚ ʦʧʪʠʤʠʟʘʮʠʠ 

ʧʨʦʮʝʩʩʘ ʦʙʩʣʝʜʦʚʘʥʠʷ. 

ʆʧʪʠʤʠʟʘʮʠʦʥʥʘʷ ʟʘʜʘʯʘ ʤʦʞʝʪ ʙʳʪʴ ʩʬʦʨʤʫʣʠʨʦʚʘʥʘ ʩʣʝʜʫʶʱʠʤ ʦʙʨʘʟʦʤ: 

ʥʝʦʙʭʦʜʠʤʦ ʚʳʙʨʘʪʴ ʪʘʢʦʡ ʥʘʙʦʨ ʟʦʥ ʠ ʪʦʯʝʢ ʤʦʥʠʪʦʨʠʥʛʘ, ʢʦʪʦʨʳʡ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʤʘʢʩʠʤʘʣʴʥʦʝ ʚʳʷʚʣʝʥʠʝ ʵʢʦʣʦʛʠʯʝʩʢʠ ʦʧʘʩʥʳʭ ʫʯʘʩʪʢʦʚ ʧʨʠ ʤʠʥʠʤʘʣʴʥʳʭ ʟʘʪʨʘʪʘʭ 

ʚʨʝʤʝʥʠ ʠ ʨʝʩʫʨʩʦʚ. ʎʝʣʝʚʘʷ ʬʫʥʢʮʠʷ ʠʤʝʝʪ ʚʠʜ: 

 

n n 

F =max (  ̊Ri Qi Wi  ̨ɚ ̊  Ci (1) 
i=1 i=1 

ʛʜʝ R  ï ʠʥʪʝʛʨʘʣʴʥʳʡ ʨʠʩʢ i-ʡ ʟʦʥʳ; Q  ï ʧʦʢʘʟʘʪʝʣʴ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ ʧʦ i-ʡ ʟʦʥʝ; W  ï 

ʚʝʩʦʚʦʡ ʢʦʵʬʬʠʮʠʝʥʪ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʪʝʨʨʠʪʦʨʠʠ; C  ï ʟʘʪʨʘʪʳ ʥʘ 

ʦʙʩʣʝʜʦʚʘʥʠʝ i-ʡ ʟʦʥʳ; ɚ ï ʢʦʵʬʬʠʮʠʝʥʪ ʙʘʣʘʥʩʘ ʤʝʞʜʫ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʟʥʘʯʠʤʦʩʪʴʶ ʠ 

ʟʘʪʨʘʪʘʤʠ; n ï ʢʦʣʠʯʝʩʪʚʦ ʘʥʘʣʠʟʠʨʫʝʤʳʭ ʟʦʥ. 

ɼʘʥʥʘʷ ʬʫʥʢʮʠʷ ʧʦʟʚʦʣʷʝʪ ʚʳʙʠʨʘʪʴ ʟʦʥʳ, ʛʜʝ ʦʞʠʜʘʝʤʳʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʵʬʬʝʢʪ 

ʤʦʥʠʪʦʨʠʥʛʘ ʷʚʣʷʝʪʩʷ ʥʘʠʙʦʣʴʰʠʤ. ɽʩʣʠ ʟʦʥʘ ʠʤʝʝʪ ʚʳʩʦʢʠʡ ʨʠʩʢ, ʥʦ ʜʘʥʥʳʝ ʧʦ ʥʝʡ 

ʥʝʧʦʣʥʳʝ ʠʣʠ ʫʩʪʘʨʝʚʰʠʝ, DSS-ʤʦʜʫʣʴ ʧʦʚʳʰʘʝʪ ʝʝ ʧʨʠʦʨʠʪʝʪ. ɽʩʣʠ ʟʦʥʘ ʠʤʝʝʪ ʥʠʟʢʠʡ 

ʨʠʩʢ ʠ ʚʳʩʦʢʦʝ ʢʘʯʝʩʪʚʦ ʜʘʥʥʳʭ, ʦʥʘ ʤʦʞʝʪ ʙʳʪʴ ʚʨʝʤʝʥʥʦ ʠʩʢʣʶʯʝʥʘ ʠʟ ʧʝʨʚʦʦʯʝʨʝʜʥʦʛʦ 

ʧʣʘʥʘ ʦʙʩʣʝʜʦʚʘʥʠʷ. 

ʀʥʪʝʛʨʘʣʴʥʳʡ ʠʥʜʝʢʩ ʨʠʩʢʘ. ɼʣʷ ʦʮʝʥʢʠ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʦʧʘʩʥʦʩʪʠ ʧʨʝʜʣʘʛʘʝʪʩʷ 

ʠʩʧʦʣʴʟʦʚʘʪʴ ʠʥʪʝʛʨʘʣʴʥʳʡ ʠʥʜʝʢʩ ʨʠʩʢʘ: 
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Rz =Ŭ Pz + ɓ Dz + ɔ T z +ŭ Ez + ɛ Hz (2) 

ʛʜʝ Rz ï ʠʥʪʝʛʨʘʣʴʥʳʡ ʨʠʩʢ ʟʦʥʳ; Pz ï ʧʦʢʘʟʘʪʝʣʴ ʟʘʛʨʷʟʥʝʥʠʷ ʧʦʯʚʳ; Dz ï ʧʦʢʘʟʘʪʝʣʴ 

ʙʣʠʟʦʩʪʠ ʢ ʥʘʩʝʣʝʥʥʳʤ ʧʫʥʢʪʘʤ, ʚʦʜʥʳʤ ʦʙʲʝʢʪʘʤ ʠʣʠ ʭʦʟʷʡʩʪʚʝʥʥʳʤ ʪʝʨʨʠʪʦʨʠʷʤ; Tz ï 

ʧʦʢʘʟʘʪʝʣʴ ʯʘʩʪʦʪʳ ʪʝʭʥʦʛʝʥʥʦʛʦ ʚʦʟʜʝʡʩʪʚʠʷ; Ez ï ʧʦʢʘʟʘʪʝʣʴ ʵʢʦʣʦʛʠʯʝʩʢʦʡ 

ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʠ ʪʝʨʨʠʪʦʨʠʠ; Hz ï ʧʦʢʘʟʘʪʝʣʴ ʠʩʪʦʨʠʯʝʩʢʦʡ ʥʘʛʨʫʟʢʠ; Ŭ, ɓ, ɔ, ŭ, ɛ ï ʚʝʩʦʚʳʝ 

ʢʦʵʬʬʠʮʠʝʥʪʳ, ʩʫʤʤʘ ʢʦʪʦʨʳʭ ʨʘʚʥʘ 1. 

ʇʦʢʘʟʘʪʝʣʴ ʟʘʛʨʷʟʥʝʥʠʷ ʧʦʯʚʳ ʦʧʨʝʜʝʣʷʝʪʩʷ ʥʘ ʦʩʥʦʚʝ ʥʦʨʤʠʨʦʚʘʥʥʦʡ ʢʦʥʮʝʥʪʨʘʮʠʠ 

ʟʘʛʨʷʟʥʷʶʱʠʭ ʚʝʱʝʩʪʚ: 

Pz =Cz /Cmax (3) 

ʛʜʝ Cz ï ʠʟʤʝʨʝʥʥʘʷ ʢʦʥʮʝʥʪʨʘʮʠʷ ʟʘʛʨʷʟʥʷʶʱʝʛʦ ʚʝʱʝʩʪʚʘ ʚ ʟʦʥʝ; Cmax ï ʤʘʢʩʠʤʘʣʴʥʦʝ 

ʟʥʘʯʝʥʠʝ ʢʦʥʮʝʥʪʨʘʮʠʠ ʩʨʝʜʠ ʚʩʝʭ ʨʘʩʩʤʘʪʨʠʚʘʝʤʳʭ ʟʦʥ ʠʣʠ ʥʦʨʤʘʪʠʚʥʳʡ ʧʨʝʜʝʣʴʥʳʡ 

ʫʨʦʚʝʥʴ. 

ʇʦʢʘʟʘʪʝʣʴ ʙʣʠʟʦʩʪʠ ʢ ʯʫʚʩʪʚʠʪʝʣʴʥʳʤ ʦʙʲʝʢʪʘʤ ʤʦʞʝʪ ʙʳʪʴ ʨʘʩʩʯʠʪʘʥ ʩʣʝʜʫʶʱʠʤ 

ʦʙʨʘʟʦʤ: 

Dz =1 d̨z /  dmax (4) 

ʛʜʝ dz ï ʨʘʩʩʪʦʷʥʠʝ ʦʪ ʟʦʥʳ ʧʘʜʝʥʠʷ ʜʦ ʙʣʠʞʘʡʰʝʛʦ ʥʘʩʝʣʝʥʥʦʛʦ ʧʫʥʢʪʘ, ʚʦʜʥʦʛʦ ʦʙʲʝʢʪʘ 

ʠʣʠ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʡ ʪʝʨʨʠʪʦʨʠʠ; dmax ï ʤʘʢʩʠʤʘʣʴʥʦʝ ʨʘʩʩʪʦʷʥʠʝ ʚ ʘʥʘʣʠʟʠʨʫʝʤʦʤ 

ʥʘʙʦʨʝ ʜʘʥʥʳʭ. ʏʝʤ ʤʝʥʴʰʝ ʨʘʩʩʪʦʷʥʠʝ ʜʦ ʯʫʚʩʪʚʠʪʝʣʴʥʦʛʦ ʦʙʲʝʢʪʘ, ʪʝʤ ʚʳʰʝ ʟʥʘʯʝʥʠʝ D 

z ʠ ʪʝʤ ʚʳʰʝ ʦʙʱʠʡ ʨʠʩʢ. 

 

ʊʘʙʣʠʮʘ 1. ʂʘʪʝʛʦʨʠʟʘʮʠʷ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ɻ ʢʦʣʦʛʠʯʝʩʢʦʛʦ ʨʠʩʢʘ 
ɿʥʘʯʝʥʠʝ ʠʥʜʝʢʩʘ 

ʨʠʩʢʘ 

ʂʘʪʝʛʦʨʠʷ ʋʧʨʘʚʣʝʥʯʝʩʢʦʝ ʨʝʰʝʥʠʝ 

0.00ï0.30 ʅʠʟʢʠʡ ʨʠʩʢ ʇʣʘʥʦʚʳʡ ʤʦʥʠʪʦʨʠʥʛ 

0.31ï0.60 ʉʨʝʜʥʠʡ ʨʠʩʢ ʇʦʚʪʦʨʥʦʝ ʦʙʩʣʝʜʦʚʘʥʠʝ 

0.61ï0.80 ʇʦʚʳʰʝʥʥʳʡ ʨʠʩʢ ʇʨʠʦʨʠʪʝʪʥʳʡ ʚʳʝʟʜ 

0.81ï1.00 ɺʳʩʦʢʠʡ ʨʠʩʢ ʉʨʦʯʥʳʡ ʤʦʥʠʪʦʨʠʥʛ ʠ ʧʨʠʨʦʜʦʦʭʨʘʥʥʳʝ ʤʝʨʳ 

 

ɺ ʪʘʙʣʠʮʝ 1 ʧʨʝʜʩʪʘʚʣʝʥʘ ʰʢʘʣʘ ʠʥʪʝʨʧʨʝʪʘʮʠʠ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʠʥʜʝʢʩʘ 

ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʨʠʩʢʘ ʜʣʷ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ɿʥʘʯʝʥʠʷ ʠʥʜʝʢʩʘ 

ʨʘʟʜʝʣʝʥʳ ʥʘ ʯʝʪʳʨʝ ʢʘʪʝʛʦʨʠʠ: ʥʠʟʢʠʡ, ʩʨʝʜʥʠʡ, ʧʦʚʳʰʝʥʥʳʡ ʠ ʚʳʩʦʢʠʡ ʨʠʩʢ. ʇʨʠ 

ʟʥʘʯʝʥʠʠ 0.00ï0.30 ʪʝʨʨʠʪʦʨʠʷ ʤʦʞʝʪ ʢʦʥʪʨʦʣʠʨʦʚʘʪʴʩʷ ʚ ʨʝʞʠʤʝ ʧʣʘʥʦʚʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ, 

ʪʦʛʜʘ ʢʘʢ ʧʨʠ ʫʨʦʚʥʝ 0.81ï1.00 ʪʨʝʙʫʝʪʩʷ ʩʨʦʯʥʦʝ ʦʙʩʣʝʜʦʚʘʥʠʝ ʠ ʧʨʦʚʝʜʝʥʠʝ 

ʧʨʠʨʦʜʦʦʭʨʘʥʥʳʭ ʤʝʨʦʧʨʠʷʪʠʡ. ʊʘʢʘʷ ʢʣʘʩʩʠʬʠʢʘʮʠʷ ʧʦʟʚʦʣʷʝʪ ʙʳʩʪʨʦ ʦʧʨʝʜʝʣʠʪʴ 

ʧʨʠʦʨʠʪʝʪʥʦʩʪʴ ʟʦʥ, ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʚʳʝʟʜ ʧʦʣʝʚʳʭ ʛʨʫʧʧ ʠ ʧʨʠʥʠʤʘʪʴ ʙʦʣʝʝ 

ʦʙʦʩʥʦʚʘʥʥʳʝ ʫʧʨʘʚʣʝʥʯʝʩʢʠʝ ʨʝʰʝʥʠʷ. 

ʈʝʟʫʣʴʪʘʪʳ ʠ ʦʙʩʫʞʜʝʥʠʝ. ʇʨʠʤʝʨ ʨʘʩʯʝʪʥʦʡ ʦʮʝʥʢʠ ʟʦʥ. ɼʣʷ ʜʝʤʦʥʩʪʨʘʮʠʠ ʨʘʙʦʪʳ 

ʧʣʘʪʬʦʨʤʳ ʨʘʩʩʤʦʪʨʠʤ ʫʩʣʦʚʥʳʡ ʥʘʙʦʨ ʠʟ ʧʷʪʠ ʟʦʥ ʧʘʜʝʥʠʷ. ʂʘʞʜʘʷ ʟʦʥʘ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ 

ʧʦʢʘʟʘʪʝʣʝʤ ʟʘʛʨʷʟʥʝʥʠʷ, ʫʜʘʣʝʥʥʦʩʪʴʶ ʦʪ ʯʫʚʩʪʚʠʪʝʣʴʥʳʭ ʦʙʲʝʢʪʦʚ, ʯʘʩʪʦʪʦʡ ʧʘʜʝʥʠʡ, 

ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʯʫʚʩʪʚʠʪʝʣʴʥʦʩʪʴʶ ʠ ʢʘʯʝʩʪʚʦʤ ʜʘʥʥʳʭ. 

ʊʘʙʣʠʮʘ 2 ï ʇʨʠʤʝʨ ʨʘʩʯʝʪʥʦʡ ʦʮʝʥʢʠ ʨʠʩʢʘ ʠ ʧʨʠʦʨʠʪʝʪʘ ʤʦʥʠʪʦʨʠʥʛʘ 
ɿʦʥʘ Pz Dz Tz Ez Qd Rz Mz 

Zone A 0.62 0.58 0.60 0.64 0.82 0.61 0.50 

Zone B 0.71 0.69 0.66 0.70 0.76 0.69 0.61 

Zone C 0.49 0.44 0.52 0.48 0.88 0.48 0.34 

Zone D 0.84 0.80 0.78 0.82 0.69 0.81 0.72 

Zone E 0.66 0.63 0.61 0.65 0.80 0.64 0.52 
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ʀʟ ʪʘʙʣʠʮʳ 2 ʚʠʜʥʦ, ʯʪʦ ʥʘʠʙʦʣʴʰʠʡ ʠʥʜʝʢʩ ʨʠʩʢʘ ʠʤʝʝʪ Zone D ï 0.81. ʕʪʘ ʟʦʥʘ 

ʦʪʥʦʩʠʪʩʷ ʢ ʢʘʪʝʛʦʨʠʠ ʚʳʩʦʢʦʛʦ ʨʠʩʢʘ ʠ ʪʨʝʙʫʝʪ ʩʨʦʯʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ. ʇʨʠ ɻ ʪʦʤ ʢʘʯʝʩʪʚʦ 

ʜʘʥʥʳʭ ʧʦ ʥʝʡ ʩʦʩʪʘʚʣʷʝʪ 0.69, ʯʪʦ ʥʠʞʝ, ʯʝʤ ʫ Zone A, Zone C ʠ Zone E., ʩʣʝʜʦʚʘʪʝʣʴʥʦ, 

DSS-ʤʦʜʫʣʴ ʜʦʣʞʝʥ ʨʝʢʦʤʝʥʜʦʚʘʪʴ ʧʦʚʪʦʨʥʳʡ ʦʪʙʦʨ ʧʨʦʙ ʠ ʧʨʠʦʨʠʪʝʪʥʳʡ ʚʳʝʟʜ ʧʦʣʝʚʦʡ 

ʛʨʫʧʧʳ. Zone B ʠʤʝʝʪ ʠʥʜʝʢʩ ʨʠʩʢʘ 0.69 ʠ ʪʘʢʞʝ ʜʦʣʞʥʘ ʙʳʪʴ ʚʢʣʶʯʝʥʘ ʚ ʧʣʘʥ 

ʧʝʨʚʦʦʯʝʨʝʜʥʦʛʦ ʦʙʩʣʝʜʦʚʘʥʠʷ. Zone C ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʥʠʟʢʠʤ ʨʠʩʢʦʤ ʠ ʚʳʩʦʢʠʤ 

ʢʘʯʝʩʪʚʦʤ ʜʘʥʥʳʭ, ʧʦʵʪʦʤʫ ʤʦʞʝʪ ʢʦʥʪʨʦʣʠʨʦʚʘʪʴʩʷ ʚ ʧʣʘʥʦʚʦʤ ʨʝʞʠʤʝ. 

ʆʧʪʠʤʠʟʘʮʠʷ ʤʦʥʠʪʦʨʠʥʛʘ. ʇʨʝʜʣʦʞʝʥʥʳʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ 

ʤʦʥʠʪʦʨʠʥʛ ʧʦ ʥʝʩʢʦʣʴʢʠʤ ʥʘʧʨʘʚʣʝʥʠʷʤ. ɺʦ-ʧʝʨʚʳʭ, ʩʦʢʨʘʱʘʝʪʩʷ ʚʨʝʤʷ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ. 

ʇʨʠ ʪʨʘʜʠʮʠʦʥʥʦʤ ʧʦʜʭʦʜʝ ʩʧʝʮʠʘʣʠʩʪ ʜʦʣʞʝʥ ʚʨʫʯʥʫʶ ʩʦʧʦʩʪʘʚʣʷʪʴ ʢʦʦʨʜʠʥʘʪʳ, 

ʨʝʟʫʣʴʪʘʪʳ ʧʨʦʙ, ʘʨʭʠʚʥʳʝ ʤʘʪʝʨʠʘʣʳ ʠ ʢʘʨʪʳ. ɺ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʝ ʵʪʠ ʦʧʝʨʘʮʠʠ 

ʚʳʧʦʣʥʷʶʪʩʷ ʘʚʪʦʤʘʪʠʯʝʩʢʠ. ʇʦʣʴʟʦʚʘʪʝʣʴ ʩʨʘʟʫ ʚʠʜʠʪ ʟʦʥʳ ʨʠʩʢʘ ʥʘ ʢʘʨʪʝ ʠ ʤʦʞʝʪ 

ʧʦʣʫʯʠʪʴ ʮʠʬʨʦʚʦʡ ʧʘʩʧʦʨʪ ʚʳʙʨʘʥʥʦʛʦ ʦʙʲʝʢʪʘ. 
 

ʈʠʩ. 3 ɹʣʦʢ-ʩʭʝʤʘ ʦʧʪʠʤʠʟʘʮʠʠ ɻ ʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʥʘ ʦʩʥʦʚʝ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ 

 

ʅʘ ʨʠʩʫʥʢʝ 3 ʧʦʢʘʟʘʥʘ ʙʣʦʢ-ʩʭʝʤʘ ʦʧʪʠʤʠʟʘʮʠʠ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʥʘ 

ʦʩʥʦʚʝ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʳ. ʀʩʭʦʜʥʳʝ ʜʘʥʥʳʝ, ʚʢʣʶʯʘʷ ʢʦʦʨʜʠʥʘʪʳ ʟʦʥ, ʨʝʟʫʣʴʪʘʪʳ ʧʨʦʙ, 

ʘʨʭʠʚʥʳʝ ʤʘʪʝʨʠʘʣʳ, ʢʘʨʪʳ ʠ ʜʘʥʥʳʝ ʦʙʩʣʝʜʦʚʘʥʠʡ, ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʠʥʪʝʛʨʠʨʫʶʪʩʷ ʚ 

ʝʜʠʥʫʶ ʮʠʬʨʦʚʫʶ ʩʠʩʪʝʤʫ. ʇʣʘʪʬʦʨʤʘ ʚʳʧʦʣʥʷʝʪ ʧʨʦʚʝʨʢʫ, ʚʠʟʫʘʣʠʟʘʮʠʶ ʠ 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʡ ʘʥʘʣʠʟ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʙʳʩʪʨʦ ʚʳʷʚʣʷʪʴ ʟʦʥʳ ʨʠʩʢʘ ʠ ʬʦʨʤʠʨʦʚʘʪʴ 

ʮʠʬʨʦʚʦʡ ʧʘʩʧʦʨʪ ʚʳʙʨʘʥʥʦʛʦ ʦʙʲʝʢʪʘ. ɺ ʨʝʟʫʣʴʪʘʪʝ ʩʦʢʨʘʱʘʝʪʩʷ ʚʨʝʤʷ ʘʥʘʣʠʟʘ, 

ʧʦʚʳʰʘʝʪʩʷ ʪʦʯʥʦʩʪʴ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʠ ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʙʦʣʝʝ ɻ ʬʬʝʢʪʠʚʥʘʷ ʦʨʛʘʥʠʟʘʮʠʷ 

ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʢʦʥʪʨʦʣʷ. 

ʉʪʨʫʢʪʫʨʘ ʚʝʙ-ʠʥʪʝʨʬʝʡʩʘ. ɺʝʙ-ʠʥʪʝʨʬʝʡʩ ʧʣʘʪʬʦʨʤʳ ʜʦʣʞʝʥ ʚʢʣʶʯʘʪʴ ʢʘʨʪʫ ʟʦʥ 

ʧʘʜʝʥʠʷ, ʧʘʥʝʣʴ ʬʠʣʴʪʨʘʮʠʠ, ʧʘʥʝʣʴ ʮʠʬʨʦʚʦʛʦ ʧʘʩʧʦʨʪʘ, ʧʘʥʝʣʴ DSS-ʨʝʢʦʤʝʥʜʘʮʠʡ, 

ʧʘʥʝʣʴ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ ʠ ʧʘʥʝʣʴ ʦʪʯʝʪʥʦʩʪʠ. ʂʘʨʪʘ ʦʪʦʙʨʘʞʘʝʪ ʛʨʘʥʠʮʳ ʟʦʥ, ʪʦʯʢʠ 

ʬʨʘʛʤʝʥʪʦʚ, ʤʘʨʰʨʫʪʳ ʦʙʩʣʝʜʦʚʘʥʠʷ, ʙʫʬʝʨʥʳʝ ʟʦʥʳ ʠ ʨʝʟʫʣʴʪʘʪʳ ʘʥʘʣʠʟʦʚ. ʇʘʥʝʣʴ 

ʬʠʣʴʪʨʘʮʠʠ ʧʦʟʚʦʣʷʝʪ ʚʳʙʨʘʪʴ ʟʦʥʳ ʧʦ ʨʝʛʠʦʥʫ, ʛʦʜʫ ʦʙʩʣʝʜʦʚʘʥʠʷ, ʫʨʦʚʥʶ ʨʠʩʢʘ, 

ʢʘʯʝʩʪʚʫ ʜʘʥʥʳʭ ʠ ʪʠʧʫ ʟʘʛʨʷʟʥʝʥʠʷ. 

ʇʘʥʝʣʴ ʮʠʬʨʦʚʦʛʦ ʧʘʩʧʦʨʪʘ ʧʦʢʘʟʳʚʘʝʪ ʦʩʥʦʚʥʳʝ ʩʚʝʜʝʥʠʷ ʦ ʚʳʙʨʘʥʥʦʡ ʟʦʥʝ, ʘ 

ʧʘʥʝʣʴ DSS-ʨʝʢʦʤʝʥʜʘʮʠʡ ʚʳʚʦʜʠʪ ʧʨʠʦʨʠʪʝʪ ʤʦʥʠʪʦʨʠʥʛʘ, ʢʘʪʝʛʦʨʠʶ ʨʠʩʢʘ ʠ 

ʨʝʢʦʤʝʥʜʫʝʤʳʝ ʜʝʡʩʪʚʠʷ. ʅʘ ʢʘʨʪʝ ʟʦʥʳ ʤʦʛʫʪ ʦʪʦʙʨʘʞʘʪʴʩʷ ʨʘʟʣʠʯʥʳʤʠ ʮʚʝʪʘʤʠ: ʟʝʣʝʥʳʡ 

ï ʥʠʟʢʠʡ ʨʠʩʢ, ʞʝʣʪʳʡ ï ʩʨʝʜʥʠʡ ʨʠʩʢ, ʦʨʘʥʞʝʚʳʡ ï ʧʦʚʳʰʝʥʥʳʡ ʨʠʩʢ, ʢʨʘʩʥʳʡ ï ʚʳʩʦʢʠʡ 

ʨʠʩʢ. ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʤʦʞʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴʩʷ ʩʣʦʡ ʪʝʧʣʦʚʦʡ ʢʘʨʪʳ, ʧʦʢʘʟʳʚʘʶʱʠʡ 

ʢʦʥʮʝʥʪʨʘʮʠʶ ʦʧʘʩʥʳʭ ʫʯʘʩʪʢʦʚ. 
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ʈʠʩ. 4 ʉʪʨʫʢʪʫʨʘ ʚʝʙ-ʠʥʪʝʨʬʝʡʩʘ ʧʣʘʪʬʦʨʤʳ 

 

ʅʘ ʨʠʩʫʥʢʝ 4 ʧʨʝʜʩʪʘʚʣʝʥʘ ʩʪʨʫʢʪʫʨʘ ʚʝʙ-ʠʥʪʝʨʬʝʡʩʘ ʧʣʘʪʬʦʨʤʳ. ʎʝʥʪʨʘʣʴʥʳʤ 

ʵʣʝʤʝʥʪʦʤ ʷʚʣʷʝʪʩʷ ʚʝʙ-ʠʥʪʝʨʬʝʡʩ, ʢʦʪʦʨʳʡ ʦʙʲʝʜʠʥʷʝʪ ʢʘʨʪʫ ʟʦʥ ʧʘʜʝʥʠʷ, ʧʘʥʝʣʴ 

ʬʠʣʴʪʨʘʮʠʠ, ʮʠʬʨʦʚʦʡ ʧʘʩʧʦʨʪ, DSS-ʨʝʢʦʤʝʥʜʘʮʠʠ, ʢʦʥʪʨʦʣʴ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ ʠ 

ʦʪʯʝʪʥʦʩʪʴ. ʊʘʢʘʷ ʩʪʨʫʢʪʫʨʘ ʧʦʟʚʦʣʷʝʪ ʩʧʝʮʠʘʣʠʩʪʫ ʙʳʩʪʨʦ ʚʳʙʨʘʪʴ ʥʫʞʥʫʶ ʟʦʥʫ, ʦʮʝʥʠʪʴ 

ʫʨʦʚʝʥʴ ʨʠʩʢʘ, ʧʨʦʚʝʨʠʪʴ ʜʦʩʪʦʚʝʨʥʦʩʪʴ ʜʘʥʥʳʭ ʠ ʧʦʣʫʯʠʪʴ ʨʝʢʦʤʝʥʜʘʮʠʠ ʧʦ ʤʦʥʠʪʦʨʠʥʛʫ. 

ʆʪʦʙʨʘʞʝʥʠʝ ʟʦʥ ʥʘ ʢʘʨʪʝ ʧʦ ʮʚʝʪʦʚʳʤ ʢʘʪʝʛʦʨʠʷʤ ʨʠʩʢʘ ʠ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʪʝʧʣʦʚʦʛʦ ʩʣʦʷ 

ʧʦʚʳʰʘʶʪ ʥʘʛʣʷʜʥʦʩʪʴ ʘʥʘʣʠʟʘ ʠ ʧʦʤʦʛʘʶʪ ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʧʣʘʥʠʨʦʚʘʥʠʝ ʧʦʣʝʚʳʭ 

ʦʙʩʣʝʜʦʚʘʥʠʡ. 

 

ʈʠʩ. 5 ʀʟʤʝʥʝʥʠʝ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʨʠʩʢʘ Rz ʧʦ ʧʷʪʠ ʟʦʥʘʤ ʧʘʜʝʥʠʷ 

 

ʅʘ ʨʠʩʫʥʢʝ 5 ʧʦʢʘʟʘʥʦ ʠʟʤʝʥʝʥʠʝ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʨʠʩʢʘ Rz ʧʦ ʧʷʪʠ ʟʦʥʘʤ ʧʘʜʝʥʠʷ. 

ʅʘʠʙʦʣʴʰʝʝ ʟʥʘʯʝʥʠʝ ʨʠʩʢʘ ʥʘʙʣʶʜʘʝʪʩʷ ʚ Zone D ï 0.81, ʯʪʦ ʫʢʘʟʳʚʘʝʪ ʥʘ ʥʝʦʙʭʦʜʠʤʦʩʪʴ 

ʩʨʦʯʥʦʛʦ ɻ ʢʦʣʦʛʠʯʝʩʢʦʛʦ ʢʦʥʪʨʦʣʷ, ʪʦʛʜʘ ʢʘʢ ʤʠʥʠʤʘʣʴʥʦʝ ʟʥʘʯʝʥʠʝ ʟʘʬʠʢʩʠʨʦʚʘʥʦ ʚ Zone 

C ï 0.48. ʕʪʦ ʧʦʜʪʚʝʨʞʜʘʝʪ, ʯʪʦ ʟʦʥʳ ʠʤʝʶʪ ʨʘʟʣʠʯʥʳʡ ʫʨʦʚʝʥʴ ɻ ʢʦʣʦʛʠʯʝʩʢʦʡ ʦʧʘʩʥʦʩʪʠ ʠ 

ʜʦʣʞʥʳ ʨʘʥʞʠʨʦʚʘʪʴʩʷ ʧʦ ʧʨʠʦʨʠʪʝʪʫ ʤʦʥʠʪʦʨʠʥʛʘ. 
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ʈʠʩ. 6 ʉʨʘʚʥʝʥʠʝ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʨʠʩʢʘ Rz ʠ ʧʨʠʦʨʠʪʝʪʘ ʤʦʥʠʪʦʨʠʥʛʘ Mz 

 

ʅʘ ʨʠʩʫʥʢʝ 6 ʧʨʠʚʝʜʝʥʦ ʩʨʘʚʥʝʥʠʝ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʨʠʩʢʘ Rz ʠ ʧʨʠʦʨʠʪʝʪʘ ʤʦʥʠʪʦʨʠʥʛʘ 

Mz. ɺʠʜʥʦ, ʯʪʦ ʤʘʢʩʠʤʘʣʴʥʳʝ ʟʥʘʯʝʥʠʷ ʦʙʦʠʭ ʧʦʢʘʟʘʪʝʣʝʡ ʭʘʨʘʢʪʝʨʥʳ ʜʣʷ Zone D: Rz = 

0.81 ʠ Mz = 0.72. Zone B ʪʘʢʞʝ ʠʤʝʝʪ ʧʦʚʳʰʝʥʥʳʡ ʫʨʦʚʝʥʴ ʨʠʩʢʘ ʠ ʧʨʠʦʨʠʪʝʪʘ 

ʤʦʥʠʪʦʨʠʥʛʘ, ʧʦʵʪʦʤʫ ʜʦʣʞʥʘ ʙʳʪʴ ʚʢʣʶʯʝʥʘ ʚ ʧʣʘʥ ʧʝʨʚʦʦʯʝʨʝʜʥʦʛʦ ʦʙʩʣʝʜʦʚʘʥʠʷ. Zone 

C ʠʤʝʝʪ ʩʘʤʳʝ ʥʠʟʢʠʝ ʟʥʘʯʝʥʠʷ Rz = 0.48 ʠ Mz = 0.34, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʧʨʦʚʦʜʠʪʴ ʤʦʥʠʪʦʨʠʥʛ 

ʚ ʧʣʘʥʦʚʦʤ ʨʝʞʠʤʝ. 

 

ʈʠʩʫʥʦʢ 7. ʆʩʥʦʚʥʳʝ ʧʦʢʘʟʘʪʝʣʠ ʦʮʝʥʢʠ ʟʦʥ: Pz, Dz, Tz, Ez ʠ Qd 

 

ʅʘ ʨʠʩʫʥʢʝ 7 ʧʨʝʜʩʪʘʚʣʝʥʳ ʦʩʥʦʚʥʳʝ ʧʦʢʘʟʘʪʝʣʠ ʦʮʝʥʢʠ ʟʦʥ: Pz, Dz, Tz, Ez ʠ Qd. 

ʅʘʠʙʦʣʝʝ ʚʳʩʦʢʠʝ ʟʥʘʯʝʥʠʷ ʵʢʦʣʦʛʠʯʝʩʢʠʭ ʠ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʳʭ ʬʘʢʪʦʨʦʚ ʥʘʙʣʶʜʘʶʪʩʷ ʚ 

Zone D, ʯʪʦ ʦʙʲʷʩʥʷʝʪ ʝʝ ʚʳʩʦʢʠʡ ʠʥʪʝʛʨʘʣʴʥʳʡ ʨʠʩʢ. ʇʨʠ ʵʪʦʤ ʢʘʯʝʩʪʚʦ ʜʘʥʥʳʭ Qd ʜʣʷ 

Zone D ʩʦʩʪʘʚʣʷʝʪ 0.69, ʯʪʦ ʥʠʞʝ, ʯʝʤ ʫ ʜʨʫʛʠʭ ʟʦʥ, ʧʦʵʪʦʤʫ ʪʨʝʙʫʝʪʩʷ ʜʦʧʦʣʥʠʪʝʣʴʥʘʷ 

ʧʨʦʚʝʨʢʘ ʠ ʫʪʦʯʥʝʥʠʝ ʠʩʭʦʜʥʦʡ ʠʥʬʦʨʤʘʮʠʠ. ʇʦʣʫʯʝʥʥʳʝ ʛʨʘʬʠʢʠ ʧʦʟʚʦʣʷʶʪ ʥʘʛʣʷʜʥʦ 

ʦʧʨʝʜʝʣʠʪʴ ʦʧʘʩʥʳʝ ʟʦʥʳ ʠ ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʨʝʩʫʨʩʦʚ ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ 

ʤʦʥʠʪʦʨʠʥʛʘ. 

ɿʘʢʣʶʯʝʥʠʝ. ɺ ʨʘʙʦʪʝ ʧʨʝʜʣʦʞʝʥʘ ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʘ ʜʣʷ ʦʧʪʠʤʠʟʘʮʠʠ 

ʵʢʦʣʦʛʠʯʝʩʢʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʟʦʥ ʧʘʜʝʥʠʷ ʩʪʫʧʝʥʝʡ ʨʘʢʝʪ-ʥʦʩʠʪʝʣʝʡ. ʉʠʩʪʝʤʘ ʦʙʲʝʜʠʥʷʝʪ 

ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʫʶ ʙʘʟʫ ʜʘʥʥʳʭ, ʮʠʬʨʦʚʦʡ ʵʢʦʣʦʛʠʯʝʩʢʠʡ ʧʘʩʧʦʨʪ, ʤʦʜʫʣʴ ʢʦʥʪʨʦʣʷ 

ʢʘʯʝʩʪʚʘ, ʨʘʩʯʝʪ ʠʥʪʝʛʨʘʣʴʥʦʛʦ ʨʠʩʢʘ ʠ DSS-ʤʦʜʫʣʴ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. 

ʇʨʝʜʣʦʞʝʥʥʳʡ ʧʦʜʭʦʜ ʧʦʟʚʦʣʷʝʪ ʨʘʥʞʠʨʦʚʘʪʴ ʟʦʥʳ ʧʦ ʫʨʦʚʥʶ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʦʧʘʩʥʦʩʪʠ, 

ʚʳʷʚʣʷʪʴ ʫʯʘʩʪʢʠ ʩ ʥʝʜʦʩʪʘʪʦʯʥʳʤ ʢʘʯʝʩʪʚʦʤ ʜʘʥʥʳʭ ʠ ʦʧʨʝʜʝʣʷʪʴ ʧʨʠʦʨʠʪʝʪʥʳʝ 

ʥʘʧʨʘʚʣʝʥʠʷ ʧʦʚʪʦʨʥʦʛʦ ʦʙʩʣʝʜʦʚʘʥʠʷ. ʈʘʩʯʝʪʥʳʡ ʧʨʠʤʝʨ ʧʦʢʘʟʘʣ, ʯʪʦ Zone D ʠʤʝʝʪ 
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ʥʘʠʙʦʣʴʰʠʝ ʟʥʘʯʝʥʠʷ ʨʠʩʢʘ ʠ ʧʨʠʦʨʠʪʝʪʘ ʤʦʥʠʪʦʨʠʥʛʘ: Rz = 0.81 ʠ Mz = 0.72, ʧʦʵʪʦʤʫ 

ʪʨʝʙʫʝʪ ʩʨʦʯʥʦʛʦ ʢʦʥʪʨʦʣʷ. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʚʝʙ-ɻʀʉ-ʧʣʘʪʬʦʨʤʘ ʧʦʚʳʰʘʝʪ ʦʧʝʨʘʪʠʚʥʦʩʪʴ 

ʘʥʘʣʠʟʘ, ʩʥʠʞʘʝʪ ʨʠʩʢ ʦʰʠʙʦʢ, ʘʚʪʦʤʘʪʠʟʠʨʫʝʪ ʬʦʨʤʠʨʦʚʘʥʠʝ ʵʢʦʣʦʛʠʯʝʩʢʠʭ ʧʘʩʧʦʨʪʦʚ ʠ 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʨʘʮʠʦʥʘʣʴʥʦʝ ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʨʝʩʫʨʩʦʚ ʤʦʥʠʪʦʨʠʥʛʘ. ʀʩʩʣʝʜʦʚʘʥʠʷ 

ʧʨʦʚʝʜʝʥʳ ʧʨʠ ʧʦʜʜʝʨʞʢʝ ʂʦʤʠʪʝʪʘ ʥʘʫʢʠ ʄʠʥʠʩʪʝʨʩʪʚʘ ʥʘʫʢʠ ʠ ʚʳʩʰʝʛʦ ʦʙʨʘʟʦʚʘʥʠʷ 

ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʚ ʨʘʤʢʘʭ ʛʨʘʥʪʘ ̄  AP23488291 çʈʘʟʨʘʙʦʪʢʘ ʤʥʦʛʦʬʫʥʢʮʠʦʥʘʣʴʥʦʛʦ 

ʨʝʩʫʨʩʘ ʵʢʦʣʦʛʠʯʝʩʢʦʡ ʧʘʩʧʦʨʪʠʟʘʮʠʠ ʨʘʡʦʥʦʚ ʧʘʜʝʥʠʷ ʦʪʜʝʣʷʶʱʠʭʩʷ ʯʘʩʪʝʡ ʨʘʢʝʪ-

ʥʦʩʠʪʝʣʝʡ ʤʝʪʦʜʦʤ ʘʜʘʧʪʠʚʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʠʥʪʝʨʘʢʪʠʚʥʳʭ ɻʀʉè. 
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ϸʣ-ʌʘʨʘʙʠ ʘʪʳʥʜʘϤʳ ϧʘʟʘϨ ϰʣʪʪʳϨ ʫʥʠʚʝʨʩʠʪʝʪʽ, ɸʣʤʘʪʳ, ϧʘʟʘϨʩʪʘʥ 

 
ɸשʜʘʪʧʘ. ɿʝʨʪʭʘʥʘʣʳϨ ʘϨʧʘʨʘʪʪʳϨ ʙʘʩϨʘʨʫ ʞϮʡʝʣʝʨʽ (Laboratory Information Management 

Systems ï LIMS) ʟʝʨʪʭʘʥʘʣʳϨ ʞϰʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ, ʵʢʩʧʝʨʠʤʝʥʪʪʽʢ ʜʝʨʝʢʪʝʨʜʽ ʞϸʥʝ ʩʘʧʘʥʳ 

ʙʘϨʳʣʘʫ Ϯʜʝʨʽʩʪʝʨʽʥ ʙʘʩϨʘʨʫʜʘ ʤʘϬʳʟʜʳ ʨϺʣ ʘʪϨʘʨʘʜʳ. ɿʝʨʪʭʘʥʘʣʳϨ ʜʝʨʝʢʪʝʨʜʽ ʩʝʥʽʤʜʽ ϸʨʽ 

Ϻʟʛʝʨʪʫʛʝ ʪϺʟʽʤʜʽ ʪϮʨʜʝ ʙʘʩϨʘʨʫϤʘ ʜʝʛʝʥ ϨʘʞʝʪʪʽʣʽʢʪʽϬ ʘʨʪʫʳʥʘ ʙʘʡʣʘʥʳʩʪʳ blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳ ʜʝʨʝʢʪʝʨʜʽϬ ʪϰʪʘʩʪʳϤʳʥ (data integrity) ʞϸʥʝ ϨʘʜʘϤʘʣʘʥʫʳʥ (traceability) 

Ϩʘʤʪʘʤʘʩʳʟ ʝʪʫʜʽϬ ʧʝʨʩʧʝʢʪʠʚʘʣʳ ʰʝʰʽʤʽ ʨʝʪʽʥʜʝ Ϩʘʨʘʩʪʳʨʳʣʫʜʘ. ɸʣʘʡʜʘ ʞϮʡʝ 

ʘʨʭʠʪʝʢʪʫʨʘʩʳ, ʢʝϬʝʡʪʽʣʫ ʤϮʤʢʽʥʜʽʛʽ, Ϻʟʘʨʘ ϸʨʝʢʝʪʪʝʩʫ Ϩʘʙʽʣʝʪʽ ʞϸʥʝ ʪʝʭʥʠʢʘʣʳϨ 

ʩʠʧʘʪʪʘʤʘʣʘʨʳʥʜʘϤʳ ʘʡʳʨʤʘʰʳʣʳϨʪʘʨϤʘ ʙʘʡʣʘʥʳʩʪʳ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʠʥʪʝʛʨʘʮʠʷʣʘʫ Ϯʰʽʥ Ϩʦʣʘʡʣʳ ʘʰʳϨ ʢʦʜʪʳ LIMS ʧʣʘʪʬʦʨʤʘʩʳʥ ʪʘϬʜʘʫ Ϻʟʝʢʪʽ ʤϸʩʝʣʝ ʙʦʣʳʧ Ϩʘʣʳʧ 

ʦʪʳʨ. ϧʘʟʽʨʛʽ ʟʝʨʪʪʝʫʣʝʨʜʽϬ ʙʘʩʳʤ ʙϺʣʽʛʽ ʞʝʢʝ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳϬ ʬʫʥʢʮʠʦʥʘʣʜʳϨ 

ʤϮʤʢʽʥʜʽʢʪʝʨʽʥ ʥʝʤʝʩʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥʳϬ ʜʝʥʩʘʫʣʳϨ ʩʘϨʪʘʫ ʞϸʥʝ ʟʝʨʪʭʘʥʘʣʳϨ ʦʨʪʘʜʘ 

Ϩʦʣʜʘʥʳʣʫʳʥ Ϩʘʨʘʩʪʳʨʫʤʝʥ ʰʝʢʪʝʣʝʜʽ. ɼʝʛʝʥʤʝʥ, ʘʰʳϨ ʢʦʜʪʳ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳϬ 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫϤʘ ʜʘʡʳʥʜʳϤʳʥ ʙʘϤʘʣʘʫϤʘ ʘʨʥʘʣϤʘʥ ϨϰʨʳʣʳʤʜʘʣϤʘʥ 

ʙʘϤʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ʙϮʛʽʥʛʽ ʢϮʥʛʝ ʜʝʡʽʥ ϰʩʳʥʳʣʤʘϤʘʥ. ɹϰʣ ʞϰʤʳʩʪʘ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʪϰʨϤʳʩʳʥʘʥ ʘʰʳϨ ʢʦʜʪʳ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʪʘʣʜʘʫϤʘ ʘʨʥʘʣϤʘʥ 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘϤʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ϰʩʳʥʳʣʘʜʳ. ϯʩʳʥʳʣϤʘʥ ʙʘϤʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʥʝʛʽʟʽʥʜʝ ʢʝϬʽʥʝʥ 

Ϩʦʣʜʘʥʳʣʘʪʳʥ ʪϺʨʪ ʘʰʳϨ ʢʦʜʪʳ LIMS ʧʣʘʪʬʦʨʤʘʩʳ ð SENAITE, Bika LIMS, OpenELIS ʞϸʥʝ 

LabKey ð ʞϮʡʝʣʽ ʪϮʨʜʝ ʩʘʣʳʩʪʳʨʳʣʳʧ, ʙʘϤʘʣʘʥʜʳ. ϯʩʳʥʳʣϤʘʥ ʬʨʝʡʤʚʦʨʢ ʙʦʣʘʰʘϨʪʘ blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʝʥʛʽʟʫ Ϯʰʽʥ Ϩʦʣʘʡʣʳ LIMS ʧʣʘʪʬʦʨʤʘʩʳʥ ʪʘϬʜʘʫϤʘ ʘʨʥʘʣϤʘʥ ϨϰʨʳʣʳʤʜʘʣϤʘʥ 

ʪϸʩʽʣʜʽ ϰʩʳʥʘʜʳ. ɿʝʨʪʪʝʫ ʥϸʪʠʞʝʣʝʨʽ SENAITE ʧʣʘʪʬʦʨʤʘʩʳʥʳϬ ʤʦʜʫʣʴʜʽʢ ʘʨʭʠʪʝʢʪʫʨʘʩʳ, 

ʢʝϬʝʡʪʽʣʫ ʤϮʤʢʽʥʜʽʛʽ ʞϸʥʝ ʙʝʣʩʝʥʜʽ ϸʟʽʨʣʝʫʰʽʣʝʨ ϨʘʫʳʤʜʘʩʪʳϤʳʥʳϬ ϨʦʣʜʘʫʳʥʳϬ ʘʨϨʘʩʳʥʜʘ 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ ϸʣʝʫʝʪʽ ʝϬ ʞʦϤʘʨʳ ʧʣʘʪʬʦʨʤʘ ʝʢʝʥʽʥ ʢϺʨʩʝʪʪʽ. 

ɸʣʳʥϤʘʥ ʥϸʪʠʞʝʣʝʨ blockchain ʥʝʛʽʟʽʥʜʝʛʽ ʟʝʨʪʭʘʥʘʣʳϨ ʘϨʧʘʨʘʪʪʳϨ ʞϮʡʝʣʝʨʜʽϬ ʠʥʪʝʛʨʘʮʠʷʣʳϨ 

ʘʨʭʠʪʝʢʪʫʨʘʣʘʨʳʥ ϸʟʽʨʣʝʫʛʝ ʘʨʥʘʣϤʘʥ ʢʝʡʽʥʛʽ ʟʝʨʪʪʝʫʣʝʨʛʝ ϸʜʽʩʥʘʤʘʣʳϨ ʥʝʛʽʟ ʙʦʣʘʜʳ. 

ʊϮʡʽʥ ʩϺʟʜʝʨ: ʟʝʨʪʭʘʥʘʣʳϨ ʘϨʧʘʨʘʪʪʳϨ ʙʘʩϨʘʨʫ ʞϮʡʝʣʝʨʽ (LIMS), ʘʰʳϨ ʢʦʜʪʳ LIMS, 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ, ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘϤʘʣʘʫ, ʙʘϤʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ, 

SENAITE. 

 

ʂʽʨʽʩʧʝ. פʘʟʽʨʛʽ ʫʘץʳʪʪʘ סʳʣʳʤʠ, ʤʝʜʠʮʠʥʘʣʳץ, ʬʘʨʤʘʮʝʚʪʠʢʘʣʳץ ʞᴅʥʝ ᴇʥʜʽʨʽʩʪʽʢ 

ʟʝʨʪʭʘʥʘʣʘʨʜʳץ שʳʟʤʝʪʽ ʮʠʬʨʣʳץ ʪʝʭʥʦʣʦʛʠʷʣʘʨʤʝʥ ʪʳסʳʟ ʙʘʡʣʘʥʳʩʪʳ. ɿʝʨʪʭʘʥʘʣʳץ 

ʟʝʨʪʪʝʫʣʝʨ ʢᴇʣʝʤʽʥʽש ʘʨʪʫʳ ʞᴅʥʝ ʮʠʬʨʣʳץ ʪʨʘʥʩʬʦʨʤʘʮʠʷ װʜʝʨʽʩʪʝʨʽ ʟʝʨʪʭʘʥʘʣʳץ 

ʘץʧʘʨʘʪʪʳץ ʙʘʩץʘʨʫ ʞװʡʝʣʝʨʽʥʽש (Laboratory Information Management Systems, LIMS) 

ʤʘשʳʟʳʥ ʝʜᴅʫʽʨ ʘʨʪʪʳʨʜʳ [11ï14]. פʘʟʽʨʛʽ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳ ʟʝʨʪʭʘʥʘʣʳװ ץʣʛʽʣʝʨʜʽ 

ʪʽʨʢʝʫ, ʟʝʨʪʪʝʫ ʥᴅʪʠʞʝʣʝʨʽʥ ᴇשʜʝʫ ʞᴅʥʝ ʩʘץʪʘʫ, ʟʝʨʪʭʘʥʘʣʳץ ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ 

ʘʚʪʦʤʘʪʪʘʥʜʳʨʫ, ʝʩʝʧʪʽʣʽʢ ʞװʨʛʽʟʫ ʞᴅʥʝ ʟʝʨʪʭʘʥʘʣʳץ ʞʘʙʜʳץʪʘʨʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʩʠʷץʪʳ 

ʥʝʛʽʟʛʽ ʬʫʥʢʮʠʷʣʘʨʜʳ ʦʨʳʥʜʘʡʜʳ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, ʦʣʘʨ ISO 17025 ʞᴅʥʝ Good Laboratory 

Practice (GLP) ʩʠʷץʪʳ ʭʘʣʳץʘʨʘʣʳץ ʩʪʘʥʜʘʨʪʪʘʨʜʳש ʪʘʣʘʧʪʘʨʳʥʘ ʩᴅʡʢʝʩ ʟʝʨʪʭʘʥʘʣʳץ 

 .ʤʢʽʥʜʽʢ ʙʝʨʝʜʽ [23ï26]װʘ ʤסʡʳʤʜʘʩʪʳʨʫײ ʳʟʤʝʪʪʽץ

ɼʝʛʝʥʤʝʥ, ץʘʟʽʨʛʽ LIMS ʞװʡʝʣʝʨʽʥʽש ʙʘʩʳʤ ʙᴇʣʽʛʽ ʦʨʪʘʣʳץʪʘʥʜʳʨʳʣסʘʥ ʘʨʭʠʪʝʢʪʫʨʘסʘ 

ʥʝʛʽʟʜʝʣʛʝʥ, ʙײʣ ʜʝʨʝʢʪʝʨʜʽש ʪײʪʘʩʪʳסʳʥ (data integrity), ᴇʟʛʝʨʤʝʡʪʽʥʜʽʛʽʥ (immutability), 

 ץʤʢʽʥʜʽʛʽʥ (verifiability) ʪʦʣʳװʘʣʘʥʫʳʥ (traceability) ʞᴅʥʝ ʪᴅʫʝʣʩʽʟ ʪʝʢʩʝʨʽʣʫ ʤסʘʜʘץ

 ץʘʥ ʙʘʡʣʘʥʳʩʪʳ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳ ʟʝʨʪʭʘʥʘʣʳסʘʤʪʘʤʘʩʳʟ ʝʪʝ ʘʣʤʘʡʜʳ [4, 6, 8]. ʆʩʳץ

ʜʝʨʝʢʪʝʨʜʽש ʩʝʥʽʤʜʽʣʽʛʽʥ ʘʨʪʪʳʨʫʜʳש ʧʝʨʩʧʝʢʪʠʚʘʣʳ h ʝʰʽʤʽ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʳʣʫʜʘ [1, 10]. 

ʂʨʠʧʪʦʛʨʘʬʠʷʣʳץ ʭʵʰʪʝʫ, װʣʝʩʪʽʨʽʣʛʝʥ ʪʽʟʽʣʽʤ (distributed ledger) ʞᴅʥʝ ʢʦʥʩʝʥʩʫʩ 

ʤʝʭʘʥʠʟʤʜʝʨʽ ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽש ᴇʟʛʝʨʤʝʡʪʽʥʜʽʛʽʥ ʪʝʢʩʝʨʫʛʝ, ʘʫʜʠʪ ʞʫʨʥʘʣʜʘʨʳʥʳש ( 
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audit trail ) ʩʝʥʽʤʜʽʣʽʛʽʥ ʘʨʪʪʳʨʫסʘ ʞᴅʥʝ ʟʝʨʪʭʘʥʘʣʳץ ʥᴅʪʠʞʝʣʝʨʜʽש ʪװʧʥײʩץʘʣʳסʳʥ ʨʘʩʪʘʫסʘ 

ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ [1, 3, 5, 10]. 

ᴄʜʝʙʠʝʪʪʝʨʜʽ ʪʘʣʜʘʫ ʢᴇʨʩʝʪʢʝʥʜʝʡ, ץʘʟʽʨʛʽ ʟʝʨʪʪʝʫʣʝʨʜʽש ʙʘʩʳʤ ʙᴇʣʽʛʽ ʥʝ ʞʝʢʝ LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʤʝʥ ʬʫʥʢʮʠʦʥʘʣʜʳץ ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʟʝʨʪʪʝʫʛʝ, ʥʝ 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʜʝʥʩʘʫʣʳץ ʩʘץʪʘʫ ʞᴅʥʝ ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽ ʙʘʩץʘʨʫ 

ʩʘʣʘʩʳʥʜʘ ץʦʣʜʘʥʫסʘ ʙʘסʳʪʪʘʣסʘʥ [1, 18]. ɸʣʘʡʜʘ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ 

LabKey ʩʠʷץʪʳ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳסʳʥ ʙʽʨʳסשʘʡ ʢʨʠʪʝʨʠʡʣʝʨ ʥʝʛʽʟʽʥʜʝ ʩʘʣʳʩʪʳʨʫסʘ 

ʘʨʥʘʣסʘʥ ײץʨʳʣʳʤʜʘʣסʘʥ ʙʘסʘʣʘʫ ʪᴅʩʽʣʜʝʨʽ ʞʝʪʢʽʣʽʢʪʽ ʜʝשʛʝʡʜʝ ץʘʨʘʩʪʳʨʳʣʤʘסʘʥ [13, 22]. 

ʆʩʳ ʟʝʨʪʪʝʫʜʽש ʤʘץʩʘʪʳ ï blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʪײʨסʳʩʳʥʘʥ 

open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʘסʘʣʘʫסʘ ʘʨʥʘʣסʘʥ Comparative Evaluation Framework 

 ʩʳʥʫ ʞᴅʥʝ ʦʩʳ ʬʨʝʡʤʚʦʨʢ ʥʝʛʽʟʽʥʜʝ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ LabKeyײ

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʪʝʭʥʠʢʘʣʳץ ʤװʤʢʽʥʜʽʢʪʝʨʽʥʝ ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫ ʞװʨʛʽʟʫ. ɹײʣ 

ʞײʤʳʩʪʳש ʝʨʝʢʰʝʣʽʛʽ ï ʦʥʜʘ blockchain ʠʥʪʝʛʨʘʮʠʷʩʳʥʳש ʙʘסʜʘʨʣʘʤʘʣʳץ ʘʨʭʠʪʝʢʪʫʨʘʩʳ 

ʥʝʤʝʩʝ ʧʨʦʪʦʪʠʧʽ ײʩʳʥʳʣʤʘʡʜʳ. ʆʥʳש ʦʨʥʳʥʘ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʢʝʡʽʥʛʽ 

ʠʥʪʝʛʨʘʮʠʷ װʰʽʥ ʝץ שʦʣʘʡʣʳ open-source LIMS ʧʣʘʪʬʦʨʤʘʩʳʥ ʪʘשʜʘʫסʘ ʘʨʥʘʣסʘʥ 

 ʘʥ ʬʨʝʡʤʚʦʨʢסʩʳʥʳʣױ .ʩʳʥʳʣʘʜʳײ ʘʣʘʫ ʪᴅʩʽʣʽסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʨʳʣʳʤʜʘʣײץ

blockchain ʥʝʛʽʟʽʥʜʝʛʽ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽ ᴅʟʽʨʣʝʫʛʝ ʘʨʥʘʣסʘʥ ʙʦʣʘʰʘץ 

ʟʝʨʪʪʝʫʣʝʨʜʽש ᴅʜʽʩʥʘʤʘʣʳץ ʥʝʛʽʟʽ ʙʦʣʘ ʘʣʘʜʳ. 

 ʡʝʣʝʨʽ (LIMS) ʤʝʥװʘʨʫ ʞץʙʘʩ ץʧʘʨʘʪʪʳץʘ ץʳʣʳʤʠ ᴅʜʝʙʠʝʪʪʝʨʛʝ ʰʦʣʫ. ɿʝʨʪʭʘʥʘʣʳנ

blockchain ʪʝʭʥʦʣʦʛʠʷʣʘʨʳʥ ʜʘʤʳʪʫסʘ ʘʨʥʘʣסʘʥ ʟʝʨʪʪʝʫʣʝʨ ʩʦסשʳ ʞʳʣʜʘʨʳ ʘʡʪʘʨʣʳץʪʘʡ 

 ʰװ ʳ ʟʝʨʪʪʝʫʣʝʨʜʽסʳʪʪʘסʣ ʙʘײʳʣʳʤʠ ʞʘʨʠʷʣʘʥʳʤʜʘʨʜʳ ʪʘʣʜʘʫ ʙס ʘʟʽʨʛʽפ .ʳʥ ʘʣʜʳץʘʨץ

ʥʝʛʽʟʛʽ ʙʘסʳʪץʘ ʙᴇʣʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ: 

- blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʟʝʨʪʭʘʥʘʣʳץ ʞᴅʥʝ ʤʝʜʠʮʠʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʝ 

 ;ʦʣʜʘʥʫץ

- ʟʘʤʘʥʘʫʠ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʤʝʥ ʬʫʥʢʮʠʦʥʘʣʜʳץ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʜʘʤʳʪʫ; 

- ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽש ʮʠʬʨʣʳץ ʪʨʘʥʩʬʦʨʤʘʮʠʷʩʳ ʞᴅʥʝ ʜʝʨʝʢʪʝʨʜʽש 

ʪײʪʘʩʪʳסʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ. 

ɹʽʨʽʥʰʽ ʙʘסʳʪʪʘסʳ ʟʝʨʪʪʝʫʣʝʨ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʜʝʥʩʘʫʣʳץ ʩʘץʪʘʫ ʞᴅʥʝ 

ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽש ʪײʪʘʩʪʳסʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ ײץʨʘʣʳ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʘʜʳ [1ï10]. 

Peña-Molina ʞᴅʥʝ ʪ.ʙ. [5], Villarreal ʞᴅʥʝ ʪ.ʙ. [6], Woo ʞᴅʥʝ ʪ.ʙ. [7] blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʥʳץ שʘʫʽʧʩʽʟʜʽʢ, ʘʫʜʠʪ ʞᴅʥʝ ʜʝʨʝʢʪʝʨʜʽש ᴇʟʛʝʨʤʝʡʪʽʥʜʽʛʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʪʘʣʜʘסʘʥ. ʉʦʥʳʤʝʥ ץʘʪʘʨ Dur§ ʞᴅʥʝ ʪ.ʙ., Ellahi ʞᴅʥʝ ʪ.ʙ. blockchain 

ʥʝʛʽʟʽʥʜʝʛʽ ץʘʜʘסʘʣʘʫ ʤʝʥ ʪװʧʥײʩץʘʣʳץʪʳ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ ʪᴅʩʽʣʜʝʨʽʥ ײʩʳʥסʘʥ. ɸʣʘʡʜʘ ʙײʣ 

ʞײʤʳʩʪʘʨʜʳש ʙʘʩʳʤ ʙᴇʣʽʛʽʥʜʝ ʥʘץʪʳ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʪʘשʜʘʫ ʥʝʤʝʩʝ 

ʦʣʘʨʜʳ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʤᴅʩʝʣʝʩʽ ץʘʨʘʩʪʳʨʳʣʤʘסʘʥ. 

ɽʢʽʥʰʽ ʙʘסʳʪʪʘסʳ ʟʝʨʪʪʝʫʣʝʨ ʟʘʤʘʥʘʫʠ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʘʨʭʠʪʝʢʪʫʨʘʩʳʥ 

ʜʘʤʳʪʫסʘ ʘʨʥʘʣסʘʥ. Yuen ʞᴅʥʝ ʪ.ʙ. [14] ײʩʳʥסʘʥ LIMS 4.0 ʪײʞʳʨʳʤʜʘʤʘʩʳ ʮʠʬʨʣʳץ 

ʟʝʨʪʭʘʥʘʣʘʨʜʳש ʞʘשʘ ʘʨʭʠʪʝʢʪʫʨʘʣʳץ ʤʦʜʝʣʽʥ ʩʠʧʘʪʪʘʡʜʳ. Dwivedi ʞᴅʥʝ Goyal [15] 

ʟʝʨʪʭʘʥʘʣʳץ ʘʚʪʦʤʘʪʪʘʥʜʳʨʫ ʞװʡʝʣʝʨʽʥʽש ʵʚʦʣʶʮʠʷʩʳʥ ץʘʨʘʩʪʳʨʩʘ, Zhang ʞᴅʥʝ ʪ.ʙ. [17] 

LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ Internet of Things (IoT) ʪʝʭʥʦʣʦʛʠʷʣʘʨʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ 

ʤᴅʩʝʣʝʣʝʨʽʥ ʟʝʨʪʪʝʛʝʥ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, Tian ʞᴅʥʝ ʪ.ʙ. [12] ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ 

ʞװʡʝʣʝʨʜʽץ שʘʟʽʨʛʽ ʞʘסʜʘʡʳ ʤʝʥ ʙʦʣʘʰʘץ ʜʘʤʫ ʙʘסʳʪʪʘʨʳʥ ʪʘʣʜʘסʘʥ. ɼʝʛʝʥʤʝʥ, ʙײʣ 

ʞײʤʳʩʪʘʨʜʘ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ 

ʜʘʡʳʥʜʳסʳ ʥʝʤʝʩʝ ʦʣʘʨʜʳש ᴇʟʘʨʘ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʩʳ ʞװʨʛʽʟʽʣʤʝʛʝʥ. 

 ʦʣʜʘʥʳʣʫʳʥʘץ ץʧʨʘʢʪʠʢʘʣʳ שʳʪ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳסʰʽʥʰʽ ʙʘת

ʘʨʥʘʣסʘʥ. Chikwanda ʞᴅʥʝ ʪ.ʙ. SENAITE ʧʣʘʪʬʦʨʤʘʩʳʥ HIV ʟʝʨʪʭʘʥʘʣʘʨʳʥʜʘ ץʦʣʜʘʥʫ 

ʪᴅʞʽʨʠʙʝʩʽʥ ʩʠʧʘʪʪʘʡʜʳ. Lindbªck ײץʨʳʣʳʤʜʘʣסʘʥ ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽ ʙʘʩץʘʨʫ ʤʝʥ 

FAIR ץʘסʠʜʘʣʘʨʳʥ ʝʥʛʽʟʫʜʽ ץʘʨʘʩʪʳʨʩʘ, Rahman ʞᴅʥʝ A3 Leather Innovation Center 

ʟʝʨʪʭʘʥʘʣʘʨʜʘ LIMS ʝʥʛʽʟʫʜʽש ʧʨʘʢʪʠʢʘʣʳץ ʥᴅʪʠʞʝʣʝʨʽʥ ʢᴇʨʩʝʪʝʜʽ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, 
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Okpukpu ʞᴅʥʝ ʪ.ʙ. ʟʝʨʪʭʘʥʘʣʳץ ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ ʪʠʽʤʜʽ ײʡʳʤʜʘʩʪʳʨʫʜʘסʳ LIMS 

ʞװʡʝʣʝʨʽʥʽש ʨᴇʣʽʥ ʪʘʣʜʘʡʜʳ. ɸʣʘʡʜʘ ʙײʣ ʟʝʨʪʪʝʫʣʝʨʜʽש ʝʰץʘʡʩʳʩʳʥʜʘ open-source LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʙʽʨʽʢʪʽʨʫʛʝ ʞʘʨʘʤʜʳʣʳסʳ ʙʽʨʳסשʘʡ ʙʘסʘʣʘʫ 

ʢʨʠʪʝʨʠʡʣʝʨʽ ʥʝʛʽʟʽʥʜʝ ʩʘʣʳʩʪʳʨʳʣʤʘסʘʥ. 

1- ʢʝʩʪʝʜʝ ʦʩʳ ʟʝʨʪʪʝʫ ʪʘץʳʨʳʙʳʥʘ ץʘʪʳʩʪʳ ʩʦסשʳ סʳʣʳʤʠ ʞײʤʳʩʪʘʨʜʳש 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫʳ ʢʝʣʪʽʨʽʣʛʝʥ. 

 
ʂʝʩʪʝ 1. 2021ï2025 ʞʳʣʜʘʨʜʘסʳ סʳʣʳʤʠ ʟʝʨʪʪʝʫʣʝʨʜʽש ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫʳ 

ɽʩʢʝʨʪʫ: ṉ ï ʙʘʨ;  ï ʽʰʽʥʘʨʘ; ṍ ï ʞʦץ. 

 ̄ ɸʚʪʦʨʣʘʨ 

(ʞʳʣʳ) 

LIMS Blockcha 

in 

ɼʝʨʝʢʪʝʨʜʽש 

ʪײʪʘʩʪʳסʳ 

(Data 

Integrity) 

ɸʫʜʠʪ 

ʞʫʨʥʘʣʳ 

(Audit 

Trail) 

Senaite ʉʘʣʳʩʪʳ 

ʨʤʘʣʳ 

ʙʘסʘʣʘʫ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘפ

ʤᴅʩʝʣʝʣʝʨ 

[1] Bhatt et al. 

(2021) 
ṍ ṉ ṉ ṉ ṍ ṍ LIMS-ʧʝʥ 

ʠʥʪʝʛʨʘʮʠʷ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[2] Katiyar et 

al. (2021) 
ṍ ṉ ṉ  ṍ ṍ ɿʝʨʪʭʘʥʘʣʳץ 

ʜʝʨʝʢʪʝʨ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[3] Zhong 

(2022) 
 ṉ ṉ ṉ ṍ ṍ LIMS-ʧʝʥ 

ʠʥʪʝʛʨʘʮʠʷ 
ʰʝʢʪʝʫʣʽ 

[4] Kavasidis 

et al. 
(2022) 

ṍ ṉ ṉ ṉ ṍ ṍ ɸʰʳץ ʢʦʜʪʳ LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳ 

ʙʘסʘʣʘʥʙʘסʘʥ 

[5] Peña-

Molina et 
al. (2023) 

ṉ ṉ ṉ ṉ ṍ ṍ ʅʘץʪʳ LIMS 

ʧʣʘʪʬʦʨʤʘʩʳ 
 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[6] Villarreal 

et al. 
(2023) 

ṍ ṉ ṉ ṉ ṍ ṍ ɿʝʨʪʭʘʥʘʣʳץ 

ʞװʡʝʣʝʨ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[7] Woo et al. 

(2023) 
ṍ ṉ ṉ ṍ ṍ ṍ LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳ 

ʙʘסʘʣʘʥʙʘסʘʥ 

[8] Durá et al. 

(2023) 
ṍ ṉ ṉ  ṍ ṍ ʊʝʢ ᴇʥʜʽʨʽʩʪʽʢ ʩʘʣʘ 

 ʘʥסʘʨʘʩʪʳʨʳʣץ

[9] Ellahi et al. 

(2023) 
 ṉ ṉ ṉ ṍ ṍ ɿʝʨʪʭʘʥʘʣʳץ 

ʘʨʭʠʪʝʢʪʫʨʘ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[10] Fonseca et 
al. (2024) 

ṉ ṉ ṉ ṉ ṍ ṍ LIMS ʞʝʢʝ 
ʪʘʣʜʘʥʙʘסʘʥ 

[11] Rahman 

(2024) 
ṉ ṍ ṉ ṉ ṍ ṍ ʊʝʢ ʧʨʘʢʪʠʢʘʣʳץ 

ʝʥʛʽʟʫ 

 ʘʥסʘʨʘʩʪʳʨʳʣץ

[12] Tian et al. 

(2024) 
ṉ ṍ  ṍ ṍ ṍ Blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳ 
 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

[13] A3 Leather 

Innovation 

Center 

(2024) 

ṉ ṍ  ṉ ṉ ṍ Blockchain 

ʠʥʪʝʛʨʘʮʠʷʩʳ ʞʦץ 

[14] Yuen et al. 

(2025) 
ṉ  ṉ ṉ ṍ ṍ Blockchain 

ʙʦʣʘʰʘץ ʞײʤʳʩ 

ʨʝʪʽʥʜʝ ײʩʳʥʳʣסʘʥ 

[15] Chikwanda 

et al. 
(2025) 

ṉ ṍ ṉ  ṉ ṍ Blockchain 

ʙʦʡʳʥʰʘ ʙʘסʘʣʘʫ 

ʞװʨʛʽʟʽʣʤʝʛʝʥ 

[16] Lindbäck 

(2025) 
ṉ ṍ ṉ ṉ ṉ ṍ Blockchain 

ʠʥʪʝʛʨʘʮʠʷʩʳ 
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 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ        

[17] Zhang et 

al. (2025) 
ṉ ṍ  ṍ ṍ ṍ Blockchain 

 ץʦʣʜʘʫʳ ʞʦץ

[18] Okpukpu 

et al. 

(2025) 

ṉ ṍ  ṍ ṍ ṍ ɼʝʨʝʢʪʝʨʜʽש 

ʪײʪʘʩʪʳסʳ ʞʘʥ-

ʞʘץʪʳ 

 ʘʥסʘʨʘʩʪʳʨʳʣʤʘץ

ʆʩ 

 r

ʟʝʨʪ 

ʪʝʫ 

 ʘסʩʳʥʳʣױ

ʥ 

ʩʘʣʳʩʪʳʨ 

ʤʘʣʳ 

ʙʘסʘʣʘʫ 

ʬʨʝʡʤʚʦʨ 
ʢʽ 

ṉ ṉ ṉ ṉ ṉ ṉ ð 

 

1- ʢʝʩʪʝʜʝ ʢʝʣʪʽʨʽʣʛʝʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫ ץʘʟʽʨʛʽ סʳʣʳʤʠ ʟʝʨʪʪʝʫʣʝʨʜʽש ʙʘʩʳʤ 

ʙᴇʣʽʛʽ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ ץʦʣʜʘʥʫ ʥʝʤʝʩʝ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʬʫʥʢʮʠʦʥʘʣʜʳץ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʜʘʤʳʪʫ ʤᴅʩʝʣʝʣʝʨʽʥʝ ʙʘסʳʪʪʘʣסʘʥʳʥ ʢᴇʨʩʝʪʝʜʽ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, SENAITE 

ʩʠʷץʪʳ ʞʝʢʝʣʝʛʝʥ open-source ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʝʥʛʽʟʫ ʪᴅʞʽʨʠʙʝʩʽʥʝ ʘʨʥʘʣסʘʥ ʟʝʨʪʪʝʫʣʝʨ 

ʢʝʟʜʝʩʢʝʥʽʤʝʥ, ʦʣʘʨʜʘ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ 

ʜʘʡʳʥʜʳסʳ ʙʽʨʳסשʘʡ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ʙʘסʘʣʘʥʙʘסʘʥ. ʆʩʳסʘʥ ʙʘʡʣʘʥʳʩʪʳ ʙײʣ 

ʞײʤʳʩʪʘ ײʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ʘʥʳץʪʘʣסʘʥ סʳʣʳʤʠ ʦʣץʳʣʳץʪʳ 

ʪʦʣʳץʪʳʨʫסʘ ʙʘסʳʪʪʘʣסʘʥ. 

 
ʂʝʩʪʝ 2. ʊʘשʜʘʣסʘʥ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʞʘʣʧʳ ʩʠʧʘʪʪʘʤʘʣʘʨʳ 

ʇʣʘʪʬʦʨʤʘ ɹʘסʜʘʨʣʘʤʘʣʘʫ 

ʪʽʣʽ 

ɼʝʨʝʢʪʝʨ 

ʙʘʟʘʩʳ 

REST 

API 

ʄʦʜʫʣʴʜʽʢ 

ʘʨʭʠʪʝʢʪʫʨʘ 

ɹʝʣʩʝʥʜʽ 

ʜʘʤʫʳ 

SENAITE Python PostgreSQL ṉ ṉ ʀᴅ 

Bika LIMS Python PostgreSQL ṉ ṉ ʐʝʢʪʝʫʣʽ 

OpenELIS Java MySQL ṉ ɯʰʽʥʘʨʘ ʀᴅ 

LabKey 

Server 

Java PostgreSQL ṉ ṉ ʀᴅ 

 

2- ʢʝʩʪʝʜʝ ʢᴇʨʩʝʪʽʣʛʝʥʜʝʡ, ʙʘʨʣʳץ ץʘʨʘʩʪʳʨʳʣסʘʥ ʧʣʘʪʬʦʨʤʘʣʘʨ ʘʰʳץ ʙʘʩʪʘʧץʳ 

ʢʦʜʪʳ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʙʘʩץʘʨʫ ʞװʡʝʣʝʨʽ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ ʞᴅʥʝ ʟʝʨʪʭʘʥʘʣʳץ 

ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ ʘʚʪʦʤʘʪʪʘʥʜʳʨʫסʘ ʘʨʥʘʣסʘʥ ʥʝʛʽʟʛʽ ʬʫʥʢʮʠʷʣʘʨʜʳ ץʦʣʜʘʡʜʳ. ʉʦʥʳʤʝʥ 

 ʡʳʤʜʘʩʪʳʨʫ ʪᴅʩʽʣʽ, ʤʦʜʫʣʴʜʽʢײ ʜʘʨʣʘʤʘʣʘʫ ʪʽʣʽ, ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥסʙʘ שʘʪʘʨ, ʦʣʘʨʜʳץ

ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʞᴅʥʝ ץʘʫʳʤʜʘʩʪʳץʪʳש ʜʘʤʫ ʙʝʣʩʝʥʜʽʣʽʛʽ ʙʦʡʳʥʰʘ ʘʡʳʨʤʘʰʳʣʳץʪʘʨʳ ʙʘʨ. 

ɹײʣ ʝʨʝʢʰʝʣʽʢʪʝʨ ʞװʡʝʣʝʨʜʽש ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽʥʝ ʞᴅʥʝ ʙʦʣʘʰʘץʪʘ ʩʳʨʪץʳ 

ʪʝʭʥʦʣʦʛʠʷʣʘʨʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ ᴅʣʝʫʝʪʽʥʝ ʪʽʢʝʣʝʡ ᴅʩʝʨ ʝʪʝʜʽ. ʉʦʥʜʳץʪʘʥ ʙײʣ 

ʝʨʝʢʰʝʣʽʢʪʝʨ ʢʝʣʝʩʽ ʙᴇʣʽʤʜʝ ײʩʳʥʳʣסʘʥ ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽʥʽש ʥʝʛʽʟʽʥ ײץʨʘʡʜʳ. 
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ʉʫʨʝʪ 1. ױʩʳʥʳʣסʘʥ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽʥʽש 

ʪײʞʳʨʳʤʜʘʤʘʣʳץ ʩʳʟʙʘʩʳ 

ɸʪʘʣסʘʥ ʝʨʝʢʰʝʣʽʢʪʝʨ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש ʩʳʨʪץʳ ʪʝʭʥʦʣʦʛʠʷʣʘʨʤʝʥ ʙʽʨʽʢʪʽʨʫ 

ʤװʤʢʽʥʜʽʛʽʥʝ ʪʽʢʝʣʝʡ ᴅʩʝʨ ʝʪʝʜʽ. ʉʦʥʜʳץʪʘʥ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʽʨʳסשʘʡ 

ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʥʝʛʽʟʽʥʜʝ ʩʘʣʳʩʪʳʨʫ ʞᴅʥʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʠʥʪʝʛʨʘʮʠʷʣʘʫסʘ ʪʝʭʥʠʢʘʣʳץ ʞʘʨʘʤʜʳʣʳסʳʥ ʙʘסʘʣʘʫ ץʘʞʝʪʪʽʣʽʛʽ ʪʫʳʥʜʘʡʜʳ. 

 ʘʟʽʨʛʽ open-sourceץ ʨʛʽʟʽʣʛʝʥ ᴅʜʝʙʠʝʪʪʝʨʜʽ ʪʘʣʜʘʫװʘʥ ʤᴅʩʝʣʝʣʝʨ. ɾסʘʨʘʩʪʳʨʳʣʤʘפ

LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳ ʙʘʩץʘʨʫסʘ ʘʨʥʘʣסʘʥ ʢʝש ʬʫʥʢʮʠʦʥʘʣʜʳץ 

ʤװʤʢʽʥʜʽʢʪʝʨʛʝ ʠʝ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʪʽ [11ï18]. ʉʦʥʳʤʝʥ ץʘʪʘʨ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ 

ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽש ʪײʪʘʩʪʳסʳʥ (data integrity), ᴇʟʛʝʨʤʝʡʪʽʥʜʽʛʽʥ (immutability), 

 ʘסʦʣʜʘʥʫץ ʨʘʣʳ ʨʝʪʽʥʜʝײץ ʘʤʪʘʤʘʩʳʟ ʝʪʫץ ʨʛʽʟʫʜʽװʘʣʘʥʫʳʥ (traceability) ʞᴅʥʝ ʘʫʜʠʪ ʞסʘʜʘץ

ʙʘסʳʪʪʘʣסʘʥ ʟʝʨʪʪʝʫʣʝʨ ʩʘʥʳ ʪײʨʘץʪʳ ʪװʨʜʝ ʘʨʪʳʧ ʢʝʣʝʜʽ [1ï10]. ɸʣʘʡʜʘ ʙײʣ ʝʢʽ סʳʣʳʤʠ 

ʙʘסʳʪ ʢᴇʙʽʥʝ ʜʝʨʙʝʩ ץʘʨʘʩʪʳʨʳʣʳʧ, ʦʣʘʨʜʳש ᴇʟʘʨʘ ʙʘʡʣʘʥʳʩʳ ʞʝʪʢʽʣʽʢʪʽ ʜʝשʛʝʡʜʝ 

ʟʝʨʪʪʝʣʤʝʛʝʥ [1ï18]. 

 blockchain שʳ ᴅʜʝʙʠʝʪʪʝʨʜʝ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳסʦʣʜʘʥʳʩʪʘפ

ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳסʳʥ ʙʘסʘʣʘʫסʘ ʘʨʥʘʣסʘʥ ʙʽʨʳסשʘʡ 

ᴅʜʽʩʪʝʤʝ ʥʝʤʝʩʝ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ײʩʳʥʳʣʤʘסʘʥ [5,10, 18]. ʉʦʥʳʤʝʥ ץʘʪʘʨ 

ʞװʡʝ ʘʨʭʠʪʝʢʪʫʨʘʩʳ, ʤʦʜʫʣʴʜʽʢ ײץʨʳʣʳʤʳ, REST API ץʦʣʜʘʫʳ, ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥʳש 

ʠʢʝʤʜʽʣʽʛʽ, ʘʫʜʠʪ ʤʝʭʘʥʠʟʤʜʝʨʽ ʞᴅʥʝ ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽ ʩʠʷץʪʳ ʥʝʛʽʟʛʽ ʪʝʭʥʠʢʘʣʳץ 

ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ᴅʨʪװʨʣʽ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʢʝʰʝʥʜʽ ʩʘʣʳʩʪʳʨʫ ʤᴅʩʝʣʝʩʽ ʞʝʪʢʽʣʽʢʪʽ 

ʜʝשʛʝʡʜʝ ץʘʨʘʩʪʳʨʳʣʤʘסʘʥ [11, 18]. 

1- ʩʫʨʝʪʪʝ ײʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽʥʽץ שʦʣʜʘʥʳʩʪʘסʳ 

ʟʝʨʪʪʝʫʣʝʨ ʞװʡʝʩʽʥʜʝʛʽ ʦʨʥʳ ʢᴇʨʩʝʪʽʣʛʝʥ. ʉʫʨʝʪʪʝʥ ʢᴇʨʽʧ ʦʪʳʨסʘʥʳʤʳʟʜʘʡ, ץʘʟʽʨʛʽ סʳʣʳʤʠ 

ʞײʤʳʩʪʘʨ ʥʝʛʽʟʽʥʝʥ ʝʢʽ ʙʘסʳʪʪʘ ʜʘʤʫʜʘ: ʙʽʨʽʥʰʽʩʽ ï open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש 

ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʤʝʥ ʬʫʥʢʮʠʦʥʘʣʜʳץ ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʞʝʪʽʣʜʽʨʫ [11ï18], ʝʢʽʥʰʽʩʽ ï blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨʜʽש ʩʝʥʽʤʜʽʣʽʛʽ ʤʝʥ ʪײʪʘʩʪʳסʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ װʰʽʥ 

ʧʘʡʜʘʣʘʥʫ [1ï10]. ɸʣʘʡʜʘ ʦʩʳ ʝʢʽ ʙʘסʳʪʪʳ ʙʘʡʣʘʥʳʩʪʳʨʘʪʳʥ, open-source LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫסʘ ʪʝʭʥʠʢʘʣʳץ ʞʘʨʘʤʜʳʣʳסʳ 

ʪײʨסʳʩʳʥʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʡʪʳʥ ײץʨʳʣʳʤʜʘʣסʘʥ ʪᴅʩʽʣ ᴅʣʽ ʢװʥʛʝ ʜʝʡʽʥ ײʩʳʥʳʣʤʘסʘʥ. 

ʆʩ rץʘʨʘʩʪʳʨʳʣʤʘסʘʥ ʤᴅʩʝʣʝʣʝʨʜʽ ʪʦʣʳץʪʳʨʫ ʤʘץʩʘʪʳʥʜʘ ʙײʣ ʞײʤʳʩʪʘ open-source LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ᴅʣʝʫʝʪʽ ʪײʨסʳʩʳʥʘʥ ʙʘסʘʣʘʫסʘ 
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ʘʨʥʘʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ײʩʳʥʳʣʘʜʳ. ױʩʳʥʳʣסʘʥ ʬʨʝʡʤʚʦʨʢ 

ʙʦʣʘʰʘץʪʘ blockchain ʥʝʛʽʟʽʥʜʝʛʽ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽ ᴅʟʽʨʣʝʫ װʰʽʥ ʝש 

 .ʤʢʽʥʜʽʢ ʙʝʨʝʜʽװʘ ʤסʜʘʫשʳʣʳʤʠ ʥʝʛʽʟʜʝ ʪʘס ʦʣʘʡʣʳ ʧʣʘʪʬʦʨʤʘʥʳץ

 ,ʩʘʪ ʝʪʧʝʡʜʽץʪʳ blockchain ʘʨʭʠʪʝʢʪʫʨʘʩʳʥ ᴅʟʽʨʣʝʫʜʽ ʤʘץʘʣʘʫ ʪᴅʩʽʣʽ ʥʘסʘʥ ʙʘסʩʳʥʳʣױ

ʢʝʨʽʩʽʥʰʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʢʝʡʽʥʛʽ ʠʥʪʝʛʨʘʮʠʷ װʰʽʥ ʪʝʭʥʠʢʘʣʳץ ʪײʨסʳʜʘʥ ʝש 

 ʘʥ ᴅʜʽʩʪʝʤʝʣʽʢ ʥʝʛʽʟʜʽסʘ ʘʨʥʘʣסʜʘʫשʦʣʘʡʣʳ open-source LIMS ʧʣʘʪʬʦʨʤʘʩʳʥ ʪʘץ

 .ʘʣʳʧʪʘʩʪʳʨʘʜʳץ

 ʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ. Blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʩʳʥʳʣױ

ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʛʝ ʝʥʛʽʟʫʜʽש ʪʠʽʤʜʽʣʽʛʽ ʪʝʢ blockchain ʧʣʘʪʬʦʨʤʘʩʳʥʳש 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥʝ סʘʥʘ ʝʤʝʩ, ʩʦʥʳʤʝʥ ץʘʪʘʨ ץʦʣʜʘʥʳʣʘʪʳʥ LIMS ʧʣʘʪʬʦʨʤʘʩʳʥʳש 

ʘʨʭʠʪʝʢʪʫʨʘʣʳײץ ץʨʳʣʳʤʳʥʘ, ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽʥʝ ʞᴅʥʝ ʩʳʨʪץʳ ʞװʡʝʣʝʨʤʝʥ ᴇʟʘʨʘ 

ᴅʨʝʢʝʪʪʝʩʫ ץʘʙʽʣʝʪʽʥʝ ʜʝ ʪᴅʫʝʣʜʽ [3,5,11,14,17]. ʆʩ rסʳʣʳʤʠ ʤᴅʩʝʣʝʥʽ h ʝʰʫ ʤʘץʩʘʪʳʥʜʘ ʙײʣ 

ʟʝʨʪʪʝʫʜʝ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫסʘ 

ʞʘʨʘʤʜʳʣʳסʳ ʪײʨסʳʩʳʥʘʥ ʙʘסʘʣʘʫסʘ ʘʨʥʘʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ 

 ʘʡ ʢʨʠʪʝʨʠʡʣʝʨסשʨʣʽ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʙʽʨʳװʘʥ ʬʨʝʡʤʚʦʨʢ ᴅʨʪסʩʳʥʳʣױ .ʩʳʥʳʣʘʜʳײ

ʥʝʛʽʟʽʥʜʝ ʦʙʲʝʢʪʠʚʪʽ ʩʘʣʳʩʪʳʨʫסʘ ʞᴅʥʝ ʙʦʣʘʰʘץ ʠʥʪʝʛʨʘʮʠʷ װʰʽʥ ʝץ שʦʣʘʡʣʳ ʧʣʘʪʬʦʨʤʘʥʳ 

ʘʥʳץʪʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. 

 ʜʝשʨʘʜʳ. ɹʽʨʽʥʰʽ ʢʝʟʝײʥʝʥ ʪשʘʥ ᴅʜʽʩʪʝʤʝ ʙʽʨʥʝʰʝ ᴇʟʘʨʘ ʙʘʡʣʘʥʳʩʪʳ ʢʝʟʝסʩʳʥʳʣױ

ʟʝʨʪʪʝʫ ʥʳʩʘʥʳ ʨʝʪʽʥʜʝ ʢʝשʽʥʝʥ ץʦʣʜʘʥʳʣʘʪʳʥ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳ ʪʘשʜʘʣʜʳ. 

ʆʣʘʨסʘ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ LabKey ʧʣʘʪʬʦʨʤʘʣʘʨʳ ʞʘʪʘʜʳ. ɹײʣ 

ʧʣʘʪʬʦʨʤʘʣʘʨ ʘʰʳץ ʙʘʩʪʘʧץʳ ʢʦʜץʘ ʥʝʛʽʟʜʝʣʫʽ, סʳʣʳʤʠ ᴅʜʝʙʠʝʪʪʝʨʜʝ ʢʝשʽʥʝʥ ץʦʣʜʘʥʳʣʫʳ 

ʞᴅʥʝ ʙʝʣʩʝʥʜʽ ᴅʟʽʨʣʝʥʫʽ ʩʠʷץʪʳ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ʽʨʽʢʪʝʣʜʽ. 

ɽʢʽʥʰʽ ʢʝʟʝשʜʝ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʙʘסʘʣʘʫסʘ ʘʨʥʘʣסʘʥ ʥʝʛʽʟʛʽ ʢʨʠʪʝʨʠʡʣʝʨ ʘʥʳץʪʘʣʜʳ. 

ʆʣʘʨ ץʘʟʽʨʛʽ סʳʣʳʤʠ ᴅʜʝʙʠʝʪʪʝʨʛʝ ʞװʨʛʽʟʽʣʛʝʥ ʪʘʣʜʘʫ ʥᴅʪʠʞʝʣʝʨʽ ʤʝʥ blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʢʝʟʽʥʜʝ ʤʘשʳʟʜʳ ʙʦʣʳʧ ʩʘʥʘʣʘʪʳʥ ʪʝʭʥʠʢʘʣʳץ 

ʪʘʣʘʧʪʘʨʜʳ ʝʩʢʝʨʝ ʦʪʳʨʳʧ ץʘʣʳʧʪʘʩʪʳʨʳʣʜʳ [5,10,14, 18]. 

ʇʣʘʪʬʦʨʤʘʣʘʨʜʳ ʙʘסʘʣʘʫ װʰʽʥ ʢʝʣʝʩʽ ʢʨʠʪʝʨʠʡʣʝʨ ײʩʳʥʳʣʜʳ: 

- ʞװʡʝ ʘʨʭʠʪʝʢʪʫʨʘʩʳ; 

- ʤʦʜʫʣʴʜʽʢ ײץʨʳʣʳʤʳ; 

- REST API ץʦʣʜʘʫʳ; 

- ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥʳש ʠʢʝʤʜʽʣʽʛʽ; 

- ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ ʙʝʡʽʤʜʝʫ ʤװʤʢʽʥʜʽʛʽ; 

- ʘʫʜʠʪ ʤʝʭʘʥʠʟʤʜʝʨʽʥʽש ʙʦʣʫʳ; 

- ʨʝʩʤʠ ʪʝʭʥʠʢʘʣʳײץ ץʞʘʪʪʘʤʘʥʳש ʩʘʧʘʩʳ; 

- ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳסʳʥʳש ʙʝʣʩʝʥʜʽʣʽʛʽ; 

- blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳץ ʜʝשʛʝʡʽ. 

ᴄʨʙʽʨ ʧʣʘʪʬʦʨʤʘ ʢᴇʨʩʝʪʽʣʛʝʥ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ʢʝʰʝʥʜʽ ʪװʨʜʝ ʙʘסʘʣʘʥʜʳ. 

ɹʘסʘʣʘʫ ʙʘʨʳʩʳʥʜʘ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש ʨʝʩʤʠ ʪʝʭʥʠʢʘʣʳײץ ץʞʘʪʪʘʤʘʣʘʨʳ [19, 23], סʳʣʳʤʠ 

ʞʘʨʠʷʣʘʥʳʤʜʘʨ [11, 18] ʞᴅʥʝ ʘʨʭʠʪʝʢʪʫʨʘʣʳץ ʩʠʧʘʪʪʘʤʘʣʘʨʳ ʧʘʡʜʘʣʘʥʳʣʜʳ. ʉʦʥʳʤʝʥ 

 .ʤʘʪʝʨʠʘʣʜʘʨʳ ʜʘ ʪʘʣʜʘʫ ʙʘʨʳʩʳʥʜʘ ʝʩʢʝʨʽʣʜʽ שʪʘʨʳʥʳץʘʫʳʤʜʘʩʪʳץ ʘʪʘʨ ᴅʟʽʨʣʝʫʰʽʣʝʨץ

 ʨʛʽʟʽʣʝʪʽʥװʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ʢʝʣʝʩʽ ʙᴇʣʽʤʜʝ ʞסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʩʳʥʳʣױ

ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫʜʳש ᴅʜʽʩʥʘʤʘʣʳץ ʥʝʛʽʟʽʥ ײץʨʘʡʜʳ. ᴄʨʽ ץʘʨʘʡ ᴅʨʙʽʨ 

open-source LIMS ʧʣʘʪʬʦʨʤʘʩʳ ײʩʳʥʳʣסʘʥ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ʙʘסʘʣʘʥʳʧ, blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʞʘʨʘʤʜʳʣʳסʳ ʪʘʣʜʘʥʘʜʳ. 
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ʉʫʨʝʪ 2. ױʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽʥʽש ʞʘʣʧʳ ײץʨʳʣʳʤʳ 

 

2- ʩʫʨʝʪʪʝ ײʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽʥʽש ʥʝʛʽʟʛʽ ʢʝʟʝשʜʝʨʽ 

ʢᴇʨʩʝʪʽʣʛʝʥ. ʌʨʝʡʤʚʦʨʢ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʪʘשʜʘʫ, ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽʥ ʘʥʳץʪʘʫ, 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫ ʞװʨʛʽʟʫ ʞᴅʥʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫסʘ ʝש 

 .ʨʘʜʳײʜʝʨʽʥʝʥ ʪשʪʘʫ ʢʝʟʝץʦʣʘʡʣʳ ʧʣʘʪʬʦʨʤʘʥʳ ʘʥʳץ

ɸʰʳץ ʢʦʜʪʳ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ. ױʩʳʥʳʣסʘʥ 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ʥʝʛʽʟʽʥʜʝ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ LabKey 

ʧʣʘʪʬʦʨʤʘʣʘʨʳ ʙʘסʘʣʘʥʜʳ. ɹײʣ ʧʣʘʪʬʦʨʤʘʣʘʨ ʘʰʳץ ʢʦʜʪʳ ʙʦʣʫʳ, סʳʣʳʤʠ ᴅʜʝʙʠʝʪʪʝʨʜʝ 

ʢʝשʽʥʝʥ ץʦʣʜʘʥʳʣʫʳ ʞᴅʥʝ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳ ʙʘʩץʘʨʫʜʳש ʥʝʛʽʟʛʽ ʬʫʥʢʮʠʦʥʘʣʜʳץ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫʽ ʥʝʛʽʟʽʥʜʝ ʪʘשʜʘʣʜʳ [11ï23]. ʇʣʘʪʬʦʨʤʘʣʘʨʜʳ ʙʘסʘʣʘʫ 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ ʤװʤʢʽʥʜʽʛʽʥ ʘʥʳץʪʘʫסʘ ʙʘסʳʪʪʘʣʜʳ. 

ʆʣʘʨסʘ ʤʳʥʘʣʘʨ ʞʘʪʘʜʳ: 

- ʞװʡʝ ʘʨʭʠʪʝʢʪʫʨʘʩʳ; 

- ʤʦʜʫʣʴʜʽʢ ײץʨʳʣʳʤʳ; 

REST API ץʦʣʜʘʫʳ; 

- ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥʳש ʠʢʝʤʜʽʣʽʛʽ; 

- ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ ʙʝʡʽʤʜʝʫ ʤװʤʢʽʥʜʽʛʽ; 

- ʘʫʜʠʪ ʞʫʨʥʘʣʜʘʨʳʥʳש ʙʦʣʫʳ; 

 ;ʩʘʧʘʩʳ שʞʘʪʪʘʤʘʥʳײץ -

 ;ʙʝʣʩʝʥʜʽʣʽʛʽ שʪʳץʘʫʳʤʜʘʩʪʳץ -

Blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳץ ʜʝשʛʝʡʽ. 

ʆʩ rʤʘץʩʘʪʪʘ ᴅʜʝʙʠʝʪʪʝʨʜʽ ʪʘʣʜʘʫ ʥᴅʪʠʞʝʩʽʥʜʝ ʪʦסʳʟ ʥʝʛʽʟʛʽ ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʽ ʘʥʳץʪʘʣʜʳ 

[5,10,14ï23]. ɹײʣ ʢʨʠʪʝʨʠʡʣʝʨ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽש ʘʨʭʠʪʝʢʪʫʨʘʣʳץ 

ʝʨʝʢʰʝʣʽʢʪʝʨʽʥ סʘʥʘ ʝʤʝʩ, ʦʣʘʨʜʳש ʙʦʣʘʰʘץʪʘ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ 

ᴅʣʝʫʝʪʽʥ ʜʝ ʢʝʰʝʥʜʽ ʙʘסʘʣʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ [14, 23]. 

 
ʂʝʩʪʝ 3. Open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽʥʽש ʩʠʧʘʪʪʘʤʘʩʳ 

 

̔ ʰʘץʰʘ ɾʘץʘʟʘפ ʰʽʥʜʝ 

REST API ץʦʣʜʘʫʳ (REST API) 

ɾײʤʳʩ ʧʨʦʮʝʩʪʝʨʽ (Workflow) 

ɸʫʜʠʪ ʞʫʨʥʘʣʳ (Audit Trail) 

 ʞʘʪʪʘʤʘ (Documentation)ײפ
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 ʦʣʜʘʫʳ (Community Support)ץ שʪʳץʘʫʳʤʜʘʩʪʳפ

Blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʠʥʪʝʛʨʘʮʠʷʣʘʫסʘ ʜʘʡʳʥʜʳץ 

(Blockchain Readiness) 

 

3- ʢʝʩʪʝʜʝ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʘסʘʣʘʫ װʰʽʥ ʧʘʡʜʘʣʘʥʳʣסʘʥ ʥʝʛʽʟʛʽ 

ʢʨʠʪʝʨʠʡʣʝʨ ʢʝʣʪʽʨʽʣʛʝʥ. ɹײʣ ʢʨʠʪʝʨʠʡʣʝʨ ʞװʡʝʣʝʨʜʽש ʘʨʭʠʪʝʢʪʫʨʘʣʳץ ʝʨʝʢʰʝʣʽʢʪʝʨʽʥ, 

ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽʥ, ʠʥʪʝʛʨʘʮʠʷʣʳץ ʠʢʝʤʜʽʣʽʛʽʥ ʞᴅʥʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ 

ʙʽʨʽʢʪʽʨʫʛʝ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳסʳʥ ʢʝʰʝʥʜʽ ʪװʨʜʝ ʙʘסʘʣʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. ʆʩʳ 

ʢʨʠʪʝʨʠʡʣʝʨ ʥʝʛʽʟʽʥʜʝ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ LabKey ʧʣʘʪʬʦʨʤʘʣʘʨʳ 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʪװʨʜʝ ʪʘʣʜʘʥʜʳ. 

Open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽ. 

 ʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʥʝʛʽʟʽʥʜʝ SENAITE, Bika LIMS, OpenELIS ʞᴅʥʝ LabKeyסʘʥ ʙʘסʩʳʥʳʣױ

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʘ ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫ ʞװʨʛʽʟʽʣʜʽ. ɹʘסʘʣʘʫ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש ʨʝʩʤʠ 

ʪʝʭʥʠʢʘʣʳײץ ץʞʘʪʪʘʤʘʣʘʨʳ [19ï23], ʞʘʨʠʷʣʘʥסʘʥ סʳʣʳʤʠ ʝשʙʝʢʪʝʨ [11ï18] ʞᴅʥʝ ʘʰʳץ 

ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳץʪʘʨʳʥʳש ʤʘʪʝʨʠʘʣʜʘʨʳ ʥʝʛʽʟʽʥʜʝ ʦʨʳʥʜʘʣʜʳ. ᴄʨʙʽʨ ʢʨʠʪʝʨʠʡ 

ʙʦʡʳʥʰʘ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש ʪʝʭʥʠʢʘʣʳץ ʤװʤʢʽʥʜʽʢʪʝʨʽ, ʢʝשʝʡʪʽʣʫ ᴅʣʝʫʝʪʽ ʞᴅʥʝ ʙʦʣʘʰʘץʪʘ 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʙʽʨʽʢʪʽʨʫʛʝ ʞʘʨʘʤʜʳʣʳסʳ ץʘʨʘʩʪʳʨʳʣʜʳ. ɹʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽ 

4- ʩʫʨʝʪʪʝ ʢʝʣʪʽʨʽʣʛʝʥ. 
 

ʉʫʨʝʪ 3. Open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʙʦʡʳʥʰʘ 

ʩʘʣʳʩʪʳʨʤʘʣʳ ʥᴅʪʠʞʝʣʝʨʽ 

 

3- ʩʫʨʝʪʪʝʥ ʢᴇʨʽʧ ʦʪʳʨסʘʥʳʤʳʟʜʘʡ, SENAITE ʧʣʘʪʬʦʨʤʘʩʳ ʝש ʞʦסʘʨʳ ʞʠʳʥʪʳץ ʙʘʣʣ 

ʞʠʥʘʜʳ. LabKey ʝʢʽʥʰʽ ʦʨʳʥʜʘ ʦʨʥʘʣʘʩʩʘ, Bika LIMS ʞᴅʥʝ OpenELIS ʩʘʣʳʩʪʳʨʤʘʣʳ ʪװʨʜʝ 

ʪᴇʤʝʥ ʥᴅʪʠʞʝ ʢᴇʨʩʝʪʪʽ. ɹײʣ ʦʣʘʨʜʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫʳ ʤװʤʢʽʥ 

ʙʦʣסʘʥʳʤʝʥ, ʘʨʭʠʪʝʢʪʫʨʘʣʳץ ʠʢʝʤʜʽʣʽʛʽ ʤʝʥ ʢʝשʝʡʪʽʣʫ ᴅʣʝʫʝʪʽʥʽש ʪᴇʤʝʥʽʨʝʢ ʙʦʣʫʳʤʝʥ 

ʪװʩʽʥʜʽʨʽʣʝʜʽ. 

ɹʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽʥ ʪʘʣץʳʣʘʫ. ɾװʨʛʽʟʽʣʛʝʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽ 

open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥʜʝ ʘʡʪʘʨʣʳץʪʘʡ ʘʡʳʨʤʘʰʳʣʳץʪʘʨ ʙʘʨ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʪʽ. 

ʇʣʘʪʬʦʨʤʘʣʘʨʜʳש ʙʘʨʣʳסʳ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳ ʙʘʩץʘʨʫʜʳש ʥʝʛʽʟʛʽ ʬʫʥʢʮʠʷʣʘʨʳʥ 

 ʤʢʽʥʜʽʛʽ ʞᴅʥʝװʝʡʪʽʣʫ ʤשʠʢʝʤʜʽʣʽʛʽ, ʢʝ ץʘʨʭʠʪʝʢʪʫʨʘʣʳ שʘʤʪʘʤʘʩʳʟ ʝʪʢʝʥʽʤʝʥ, ʦʣʘʨʜʳץ

ʩʳʨʪץʳ ʞװʡʝʣʝʨʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ ʜʝשʛʝʡʽ ʙʽʨʜʝʡ ʝʤʝʩ. 

ᴄʩʽʨʝʩʝ ʞװʡʝʥʽש ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽ, REST API ץʦʣʜʘʫʳ ʞᴅʥʝ ᴅʟʽʨʣʝʫʰʽʣʝʨ 

 ʙʝʣʩʝʥʜʽʣʽʛʽ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʢʝʟʽʥʜʝ שʳʥʳסʘʫʳʤʜʘʩʪʳץ

ʰʝʰʫʰʽ ʬʘʢʪʦʨʣʘʨ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ. 

ɹʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽ ʙʦʡʳʥʰʘ SENAITE ʝש ʞʦסʘʨʳ ʞʠʳʥʪʳץ ʙʘʣʣסʘ ʠʝ ʙʦʣʜʳ. ɹײʣ 

ʦʥʳש ʤʦʜʫʣʴʜʽʢ ʘʨʭʠʪʝʢʪʫʨʘʩʳʤʝʥ, REST API ץʦʣʜʘʫʳʤʝʥ, PostgreSQL ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥ 

ʧʘʡʜʘʣʘʥʫʳʤʝʥ ʞᴅʥʝ ʙʝʣʩʝʥʜʽ ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳסʳʤʝʥ ʪװʩʽʥʜʽʨʽʣʝʜʽ. ʉʦʥʳʤʝʥ 

 ʣ blockchainײʽʣʜʝʪʝʜʽ, ʙשʘ ʤʦʜʫʣʴʜʝʨʜʽ ʝʥʛʽʟʫʜʽ ʞʝשʤʢʽʥʜʽʛʽ ʞʘװʝʡʪʽʣʫ ʤשʢʝ שʡʝʥʽװʘʪʘʨ, ʞץ

ʥʝʛʽʟʽʥʜʝʛʽ ץʦʩʳʤʰʘ ʩʝʨʚʠʩʪʝʨʜʽ ᴅʟʽʨʣʝʫ ʢʝʟʽʥʜʝ ʤʘשʳʟʜʳ ʘʨʪʳץʰʳʣʳץ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ. 

LabKey ʧʣʘʪʬʦʨʤʘʩʳ ʜʘ ʞʦסʘʨʳ ʥᴅʪʠʞʝʣʝʨ ʢᴇʨʩʝʪʪʽ ʞᴅʥʝ ʢᴇʧʪʝʛʝʥ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ 

SENAITE-ʢʝ ʞʘץʳʥ ʙʘסʘʣʘʥʜʳ. ɸʣʘʡʜʘ LabKey ᴅʤʙʝʙʘʧ סʳʣʳʤʠ ʜʝʨʝʢʪʝʨʜʽ ʙʘʩץʘʨʫ 
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ʧʣʘʪʬʦʨʤʘʩʳ ʨʝʪʽʥʜʝ ᴅʟʽʨʣʝʥʛʝʥʜʽʢʪʝʥ, ʢʣʘʩʩʠʢʘʣʳץ ʟʝʨʪʭʘʥʘʣʳץ ʞײʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ 

 ʘʥʜʘ ʢʝʡʙʽʨ ʰʝʢʪʝʫʣʝʨʛʝ ʠʝ. Bika LIMS ʞᴅʥʝסʡʳʤʜʘʩʪʳʨʫʜʘ SENAITE-ʧʝʥ ʩʘʣʳʩʪʳʨײ

OpenELIS ʧʣʘʪʬʦʨʤʘʣʘʨʳ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳ ʪʠʽʤʜʽ ʙʘʩץʘʨʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʛʝʥʽʤʝʥ, 

ʦʣʘʨʜʳש ʘʨʭʠʪʝʢʪʫʨʘʣʳץ ʠʢʝʤʜʽʣʽʛʽ ʤʝʥ ʢʝשʝʡʪʽʣʫ ʤװʤʢʽʥʜʽʛʽ ʩʘʣʳʩʪʳʨʤʘʣʳ ʪװʨʜʝ ʪᴇʤʝʥ 

ʙʘסʘʣʘʥʜʳ. ᴄʩʽʨʝʩʝ ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳסʳʥʳש ʙʝʣʩʝʥʜʽʣʽʛʽ ʤʝʥ ʞװʡʝʥʽ ʞʘשʘʨʪʫ 

 .ʘʣʘʜʳץʪʘʨ ʙʘʡץʳʥʳ ʙʦʡʳʥʰʘ ʘʡʳʨʤʘʰʳʣʳץʘʨץ

ɸʣʳʥסʘʥ ʥᴅʪʠʞʝʣʝʨ ʙײʨʳʥסʳ ʟʝʨʪʪʝʫʣʝʨʜʽץ שʦʨʳʪʳʥʜʳʣʘʨʳʤʝʥ ʜʝ ʩᴅʡʢʝʩ 

ʢʝʣʝʜʽפʘʟʽʨʛʽ ʞʘʨʠʷʣʘʥʳʤʜʘʨʜʳש ʙʘʩʳʤ ʙᴇʣʽʛʽ ʞʝʢʝ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳש ʬʫʥʢʮʠʦʥʘʣʜʳץ 

ʤװʤʢʽʥʜʽʢʪʝʨʽʥ ʥʝʤʝʩʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥʳש ʘʨʪʳץʰʳʣʳץʪʘʨʳʥ ץʘʨʘʩʪʳʨʫʤʝʥ 

ʰʝʢʪʝʣʝʜʽ [5,10, 18]. 

ɸʣ ʙײʣ ʞײʤʳʩʪʘ ʧʣʘʪʬʦʨʤʘʣʘʨʜʳ ʙʽʨʳסשʘʡ ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʥʝʛʽʟʽʥʜʝ ʩʘʣʳʩʪʳʨʫ 

ʞװʟʝʛʝ ʘʩʳʨʳʣʜʳ, ʙײʣ ʦʣʘʨʜʳש blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫ ᴅʣʝʫʝʪʽʥ 

ʦʙʲʝʢʪʠʚʪʽ ʙʘסʘʣʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʜʽ. ɾʘʣʧʳ ʘʣסʘʥʜʘ, ײʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ 

ʪᴅʩʽʣʽ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʽʨʳסשʘʡ ʢʨʠʪʝʨʠʡʣʝʨ ʙʦʡʳʥʰʘ ʦʙʲʝʢʪʠʚʪʽ 

ʙʘסʘʣʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ ʞᴅʥʝ blockchain ʥʝʛʽʟʽʥʜʝʛʽ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽ 

ᴅʟʽʨʣʝʫ װʰʽʥ סʳʣʳʤʠ ʥʝʛʽʟʜʝʣʛʝʥ ʧʣʘʪʬʦʨʤʘ ʪʘשʜʘʫסʘ ʞʘסʜʘʡ ʞʘʩʘʡʜʳ. 

 ʳʩʳʥʘʥסʨײʤʳʩʪʘ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʫ ʪײʣ ʞײʦʨʳʪʳʥʜʳ. ɹפ

ʘʰʳץ ʢʦʜʪʳ ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʙʘʩץʘʨʫ ʞװʡʝʣʝʨʽʥ (open-source LIMS) ʙʘסʘʣʘʫסʘ 

ʘʨʥʘʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ ײʩʳʥʳʣʜʳ. ᴄʜʝʙʠʝʪʪʝʨʜʽ ʪʘʣʜʘʫ ʥᴅʪʠʞʝʩʽʥʜʝ 

 ץʬʫʥʢʮʠʦʥʘʣʜʳ שʙʘʩʳʤ ʙᴇʣʽʛʽ ʞʝʢʝ LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳ שʘʟʽʨʛʽ ʟʝʨʪʪʝʫʣʝʨʜʽץ

ʤװʤʢʽʥʜʽʢʪʝʨʽʥʝ ʥʝʤʝʩʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥʳש ᴅʨʪװʨʣʽ ץʦʣʜʘʥʳʣʫ ʩʘʣʘʣʘʨʳʥʘ 

ʙʘסʳʪʪʘʣסʘʥʳ ʘʥʳץʪʘʣʜʳ. ɸʣʘʡʜʘ open-source LIMS ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש blockchain 

ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʞʘʨʘʤʜʳʣʳסʳʥ ʙʘסʘʣʘʫסʘ ʘʨʥʘʣסʘʥ 

ʙʽʨʳסשʘʡ ʩʘʣʳʩʪʳʨʤʘʣʳ ᴅʜʽʩʪʝʤʝ ʞʝʪʢʽʣʽʢʪʽ ʜʝשʛʝʡʜʝ ʟʝʨʪʪʝʣʤʝʛʝʥ. ʆʩ rץʘʨʘʩʪʳʨʳʣʤʘסʘʥ 

ʤᴅʩʝʣʝʣʝʨʜʽ ʪʦʣʳץʪʳʨʫ ʤʘץʩʘʪʳʥʜʘ ʞװʡʝ ʘʨʭʠʪʝʢʪʫʨʘʩʳ, ʤʦʜʫʣʴʜʽʢ ײץʨʳʣʳʤ, REST API 

 ʤʢʽʥʜʽʛʽ, ʘʫʜʠʪװʤʳʩ ʧʨʦʮʝʩʪʝʨʽʥ ʙʝʡʽʤʜʝʫ ʤײʠʢʝʤʜʽʣʽʛʽ, ʞ שʦʣʜʘʫʳ, ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳʥʳץ

ʤʝʭʘʥʠʟʤʜʝʨʽ, ʪʝʭʥʠʢʘʣʳײץ ץʞʘʪʪʘʤʘʥʳש ʩʘʧʘʩʳ, ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳסʳʥʳש 

ʙʝʣʩʝʥʜʽʣʽʛʽ ʞᴅʥʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʠʥʪʝʛʨʘʮʠʷʣʘʥʫסʘ ʪʝʭʥʠʢʘʣʳץ ʜʘʡʳʥʜʳץ 

ʩʠʷץʪʳ ʥʝʛʽʟʛʽ ʙʘסʘʣʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ ʘʥʳץʪʘʣʜʳ. ʆʩ rʢʨʠʪʝʨʠʡʣʝʨ ʥʝʛʽʟʽʥʜʝ SENAITE, Bika 

LIMS, OpenELIS ʞᴅʥʝ LabKey ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʘ ʩʘʣʳʩʪʳʨʤʘʣʳ ʪʘʣʜʘʫ ʞװʨʛʽʟʽʣʜʽ. ɹʘסʘʣʘʫ 

ʥᴅʪʠʞʝʣʝʨʽ ʙʦʡʳʥʰʘ SENAITE ʧʣʘʪʬʦʨʤʘʩʳ ʝש ʞʦסʘʨʳ ʞʠʳʥʪʳץ ʢᴇʨʩʝʪʢʽʰʢʝ ʠʝ ʙʦʣʳʧ, 

blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʤʝʥ ʙʦʣʘʰʘץ ʠʥʪʝʛʨʘʮʠʷ װʰʽʥ ʝץ שʦʣʘʡʣʳ ʧʣʘʪʬʦʨʤʘ ʨʝʪʽʥʜʝ 

ʘʥʳץʪʘʣʜʳ. ɹײʣ ʥᴅʪʠʞʝ ʧʣʘʪʬʦʨʤʘʥʳש ʤʦʜʫʣʴʜʽʢ ʘʨʭʠʪʝʢʪʫʨʘʩʳʤʝʥ, ʢʝשʝʡʪʽʣʫ 

ʤװʤʢʽʥʜʽʛʽʤʝʥ, REST API ץʦʣʜʘʫʳʤʝʥ ʞᴅʥʝ ʙʝʣʩʝʥʜʽ ᴅʟʽʨʣʝʫʰʽʣʝʨ ץʘʫʳʤʜʘʩʪʳסʳʤʝʥ 

ʪװʩʽʥʜʽʨʽʣʝʜʽ. ױʩʳʥʳʣסʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘסʘʣʘʫ ʬʨʝʡʤʚʦʨʢʽ blockchain ʥʝʛʽʟʽʥʜʝʛʽ 

ʟʝʨʪʭʘʥʘʣʳץ ʘץʧʘʨʘʪʪʳץ ʞװʡʝʣʝʨʜʽ ᴅʟʽʨʣʝʫ ʢʝʟʽʥʜʝ ʙʘʩʪʘʧץʳ ʧʣʘʪʬʦʨʤʘʥʳ סʳʣʳʤʠ ʥʝʛʽʟʜʝ 

ʪʘשʜʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, ʙײʣ ᴅʜʽʩʪʝʤʝ ʙʘʩץʘ open-source LIMS 

ʧʣʘʪʬʦʨʤʘʣʘʨʳʥ ʙʘסʘʣʘʫ װʰʽʥ ʜʝ ʙʝʡʽʤʜʝʣʫʽ ʤװʤʢʽʥ ʞᴅʥʝ blockchain ʪʝʭʥʦʣʦʛʠʷʩʳʥ 

ʝʥʛʽʟʫʛʝ ʙʘסʳʪʪʘʣסʘʥ ʙʦʣʘʰʘץ ʟʝʨʪʪʝʫʣʝʨʜʽש ᴅʜʽʩʥʘʤʘʣʳץ ʥʝʛʽʟʽ ʨʝʪʽʥʜʝ ץʦʣʜʘʥʳʣʫʳ 

ʳץʪʠʤʘʣ. ɹʦʣʘʰʘץ ʟʝʨʪʪʝʫʣʝʨʜʝ ʪʘשʜʘʣסʘʥ SENAITE ʧʣʘʪʬʦʨʤʘʩʳ ʥʝʛʽʟʽʥʜʝ ʟʝʨʪʭʘʥʘʣʳץ 

ʜʝʨʝʢʪʝʨʜʽש ʪײʪʘʩʪʳסʳʥ, ᴇʟʛʝʨʤʝʡʪʽʥʜʽʛʽʥ ʞᴅʥʝ ʩʝʥʽʤʜʽ ʪʝʢʩʝʨʽʣʫʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʝʪʽʥ 

blockchain-ʙʘץʳʣʘʫ ץʘʙʘʪʳʥ ʞᴅʥʝ ʠʥʪʝʛʨʘʮʠʷʣʳץ ʘʨʭʠʪʝʢʪʫʨʘʥʳ ᴅʟʽʨʣʝʫ ʞʦʩʧʘʨʣʘʥʫʜʘ. 
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Abstract. In the context of ongoing digital transformation, artificial intelligence (AI)  has become one 

of the key technologies for improving the efficiency of decision-making processes across various domains. 

The application of intelligent algorithms enables the analysis of large volumes of data, the identification of 

hidden patterns, the prediction of future events, and the selection of the most effective courses of action. 

This article examines contemporary artificial intelligence algorithms used for optimizing decision-making 

processes, including artificial neural networks, machine learning methods, genetic algorithms, 

reinforcement learning, and swarm intelligence techniques. A comprehensive analysis of their 

characteristics, advantages, and limitations is presented, along with an examination of their applications in 

intelligent decision support systems, industry, healthcare, logistics, and the financial sector. Furthermore, a 

conceptual model of an intelligent decision support system based on the integration of multiple artificial 

intelligence algorithms is proposed. Finally, the paper outlines promising directions for the further 

development of intelligent optimization methods in the context of the digital economy. 

Keywords: artificial intelligence, optimization, decision-making, machine learning, neural 

networks, genetic algorithm, intelligent systems, big data. 

 

INTRODUCTION  

In recent years, the rapid development of Artificial Intelligence (AI) has become one of the 

most significant drivers of the digital transformation of the global economy. Modern enterprises, 

government organizations, and research institutions are increasingly confronted with the need to 

process massive volumes of information, analyze numerous alternatives, and identify optimal 

decisions under conditions of uncertainty. Traditional decision-making approaches, which rely on 

expert judgment and classical mathematical models, are often unable to provide the speed and 

accuracy required for processing complex and dynamic data. Consequently, intelligent algorithms 

capable of autonomous learning, adaptation to changing environments, and data-driven decision-

making have gained considerable importance. 

Artificial intelligence algorithms are widely applied across various domains, including 

manufacturing, transportation, finance, healthcare, logistics, energy, and public administration. 

Their implementation significantly improves the efficiency of information systems, minimizes 

resource consumption, reduces decision-making time, and enhances forecasting accuracy [4]. 

Modern intelligent systems integrate a variety of AI techniques, including Machine Learning 

(ML), Deep Learning (DL), genetic algorithms, swarm intelligence methods, and Reinforcement 

Learning (RL). Each of these approaches possesses unique characteristics and is suitable for 

solving specific classes of optimization problems. 

Particular attention has been devoted to multi-objective optimization problems, in which 

multiple, often conflicting, criteria must be considered simultaneously. Classical optimization 

methods frequently exhibit high computational complexity and require substantial computational 

resources when addressing such problems. Artificial intelligence algorithms significantly reduce 

the search time by efficiently exploring the solution space and identifying the most promising 

alternatives [3, 12]. 

One of the fundamental advantages of intelligent algorithms is their capability for self-

learning. By utilizing accumulated data and experience, these algorithms continuously improve the 

mailto:men.mna74@gmail.com
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quality of their decisions without requiring constant human intervention. This capability has 

contributed to the widespread adoption of AI technologies in the development of Decision Support 

Systems (DSS). 

Despite remarkable advances in this field, several challenges remain unresolved, including 

model interpretability, algorithm robustness to variations in input data, computational complexity 

during training, and the security and reliability of intelligent systems. Therefore, research aimed at 

improving artificial intelligence algorithms for optimizing decision-making processes remains 

highly relevant from both scientific and practical perspectives. 

The objective of this study is to analyze contemporary artificial intelligence algorithms 

employed for optimizing decision-making processes and to develop a conceptual model of an 

intelligent system that enhances decision-making efficiency in multi-objective optimization 

environments. 
The main objectives of the study are as follows: 

Å to analyze existing artificial intelligence algorithms; 

Å to investigate the application of intelligent methods for solving optimization problems; 

Å to develop a conceptual model of an intelligent decision support system; 

Å to identify promising directions for the future development of artificial intelligence 
algorithms in the optimization of decision-making processes. Ease of Use 

LITERATURE  REVIEW  

Contemporary research indicates that artificial intelligence (AI) algorithms have become 

among the most effective tools for optimizing decision-making processes under conditions of 

uncertainty, multi-criteria optimization, and large-scale data analysis. In recent years, significant 

progress has been achieved in machine learning, deep learning, evolutionary computation, and 

hybrid intelligent algorithms, all of which have substantially improved the quality of managerial 

and operational decision-making [3, 12]. 

A systematic review of intelligent optimization methods published in Engineering 

Applications of Artificial Intelligence reports that more than 320 intelligent optimization 

algorithms have been developed over the past decades. Among these, swarm intelligence 

algorithms, evolutionary computation techniques, and hybrid methods that combine the strengths 

of multiple optimization approaches have gained the greatest popularity. The authors also highlight 

the continuous growth of research in intelligent optimization, particularly since 2020. 

One of the most promising research directions is the integration of machine learning 

techniques with classical optimization algorithms. Recent studies demonstrate that such hybrid 

approaches significantly improve the efficiency of optimization by incorporating predictive 

models and adaptive parameter tuning into the optimization process. This integration enables more 

accurate and computationally efficient decision-making across various application domains. 

Considerable attention has also been devoted to the application of deep learning in decision 

support. Deep neural networks effectively identify complex nonlinear relationships among system 

variables, providing high prediction and classification accuracy. Consequently, intelligent systems 

can make real-time decisions even in highly dynamic and data-intensive environments. 

Reinforcement Learning (RL) represents another rapidly developing area of artificial 

intelligence. Unlike conventional machine learning techniques, reinforcement learning enables an 

intelligent agent to autonomously develop decision-making strategies through continuous 

interaction with its environment while maximizing cumulative rewards. This learning paradigm 

has demonstrated remarkable effectiveness in robotic control, autonomous vehicles, logistics 

optimization, and intelligent manufacturing systems. 

Recent research has also introduced the concept of Decision Intelligence (DI), which 

integrates artificial intelligence, mathematical optimization, data analytics, and decision support 

methodologies into a unified framework. Decision Intelligence is regarded as the next generation 

of intelligent management systems, capable not only of analyzing complex data but also of 
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autonomously selecting the most effective management decisions based on predictive and 

optimization models. 

Another important research direction concerns Multi -Criteria  Decision Making (MCDM)  

. Modern MCDM approaches combine traditional multi-criteria analysis methods with machine 

learning algorithms, enabling the simultaneous consideration of multiple, often conflicting, 

decision criteria. These methods have found widespread applications in healthcare, manufacturing, 

finance, energy management, and public administration, where decision-making requires 

balancing numerous technical, economic, and operational objectives. 

Despite substantial progress, current research identifies several unresolved challenges. 

These include the interpretability of artificial intelligence models, the transparency and 

explainability of automated decision-making, the robustness of algorithms to variations in input 

data, algorithmic fairness, and the protection of privacy and confidential information. Addressing 

these challenges is considered one of the primary directions for the future development of 

intelligent decision support systems and trustworthy artificial intelligence. 
MATERIALS  AND METHODS 

3.1. Research Methodology. This study is based on a comprehensive analysis of 

contemporary artificial intelligence methods employed for optimizing decision-making processes. 

The methodological framework incorporates systems analysis, comparative analysis, 

mathematical optimization, and intelligent data analysis techniques [6]. 

To achieve the research objective, the following stages were carried out: 

1. Analysis of recent scientific publications on the application of artificial intelligence 

algorithms. 

2. Classification of intelligent algorithms according to their operating principles. 

3. Evaluation of the effectiveness of various optimization methods. 

4. Development of a conceptual model of an intelligent decision support system. 

5. Comparative analysis of the advantages and limitations of different artificial intelligence 

algorithms. 

3.2. Artificial  Intelligence Algorithms. This study focuses on five major classes of artificial 

intelligence algorithms: 

Å Artificial  Neural Networks (ANNs); 

Å Machine Learning (ML);  

Å Deep Learning (DL); 

Å Genetic Algorithms (GAs); 

Å Reinforcement Learning (RL). 

Each of these methods is applied depending on the characteristics of the problem being 

addressed, the volume and complexity of the available data, and the required level of decision-

making accuracy and performance. Selecting an appropriate algorithm is essential for achieving 

efficient optimization and improving the overall effectiveness of intelligent decision support 

systems. 
PROPOSED HYBRID  AI  ALGORITHM  FOR DECISION-MAKING  OPTIMIZATION  

4.1 Concept of the Proposed Algorithm.  An analysis of recent studies indicates that relying 

on a single artificial intelligence algorithm does not always ensure optimal decision-making 

performance. Hybrid approaches that combine machine learning techniques with optimization 

algorithms can exploit the strengths of each method while mitigating their individual limitations. 

Within the framework of this study, a Hybrid Artificial Intelligence Decision 

Optimization  Algorithm  (HAIDOA) is proposed for optimizing decision-making processes. [1, 

9]. 

The core idea of the proposed algorithm is the sequential integration of multiple artificial 

intelligence techniques: 

1. Data preprocessing; 

2. System state prediction using a neural network; 
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3. Optimization of alternatives using a genetic algorithm; 

4. Strategy refinement through reinforcement learning; 

5. Selection of the optimal decision. 

This integrated approach simultaneously improves prediction accuracy, accelerates the 

search for optimal solutions, and enhances system robustness under dynamically changing 

environmental conditions. 

4.2 Algorithm  Architecture. The proposed algorithm consists of six sequential stages. 

Stage 1. Data Collection 

Data are collected from multiple heterogeneous sources, including: 

Å Databases; 

Å Internet of Things (IoT) sensors; 

Å Enterprise Information Systems (EIS); 

Å Cloud services. 

Stage 2. Data Preprocessing 

At this stage, the following operations are performed: 

Å Removal of missing values; 

Å Detection and elimination of outliers; 

Å Data normalization; 

Å Encoding of categorical features. 

After preprocessing, a high-quality training dataset is generated for subsequent model 

development. 

Stage 3. Prediction 

A deep neural network is employed to predict the future state of the system. 

The predicted outputs include: 

Å Risk level; 

Å Expected profit; 

Å Execution time; 

Å Resource consumption. 

Stage 4. Alternative Generation 

Based on the predicted results, a genetic algorithm generates a population of feasible decision 

alternatives. 

Each chromosome represents a potential decision solution. 

During each iteration, the following evolutionary operators are executed: 

Å Selection; 

Å Crossover; 

Å Mutation. 

Stage 5. Reinforcement Learning 

After selecting a candidate solution, the intelligent agent receives a reward defined as 

R=f(Q,T,C,R) 

Where: 

Q ï decision quality; 

T ï execution time; 

C ï implementation cost; 

R ï risk level. 

The obtained reward is subsequently used to update the learning policy and improve future 

decision-making performance. 

Stage 6. Optimal  Decision Selection 

The final stage consists of selecting the alternative with the highest overall performance score 

according to the integrated evaluation function. 

4.3 Practical Example (Case Study) 

Case Study: Logistics Route Optimization Using HAIDOA Algorithm 
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To demonstrate the practical applicability of the proposed Hybrid Artificial Intelligence 

Decision Optimization Algorithm (HAIDOA), a logistics delivery optimization problem is 

considered. 

A logistics company must select the optimal delivery route among five alternatives based on 

multiple criteria: 

Å distance (km) 

Å delivery time (hours) 

Å operational cost ($) 

Å risk level 

Å fuel consumption 

 

Table 2 ï Input Data for Route Selection 
Rout 

e 

Distanc 

e (km) 

Tim 

e (h) 

Cos 

t ($) 

Risk 

Leve 

l 

Fuel 

Consumptio 

n 

A 25 |1.8 45 0,12 7,5 

B 20 2,1 48 0,10 7,0 

C 30 1,5 52 0,18 8,2 

D 22 1,9 43 0,08 6,8 

E 28 1,6 50 0,15 7,9 

 

Step 1: Data Normalization 

All  values are normalized into the range [0,1] to ensure comparability between criteria. 

Step 2: Weight Assignment 

Weights are defined based on decision-maker priorities: 

Å Distance Ÿ 0.20 

Å Time Ÿ 0.25 

Å Cost Ÿ 0.25 

Å Risk Ÿ 0.20 

Å Fuel Consumption Ÿ 0.10 

Step 3: Integrated Evaluation Function 

The decision function is defined as: 

F = w_1D + w_2T + w_3C + w_4R + w_5F_c 

Where: 

Å D ð normalized distance 

Å T ð normalized time 

Å C ð normalized cost 

Å R ð risk factor 

Å F_c ð fuel consumption 

Step 4: Computed Results 

After applying HAIDOA optimization process: 

 

Route Final Score (F) Rank 

A 0,74 2 

B 0,71 4 

C 0,78 1 

D 0,81 1 (Best) 

E 0,73 3 

Result Interpretation 

The proposed algorithm selected Route D as the optimal solution due to: 

Å lowest risk level (0.08) 



119  

Å lowest operational cost 

Å balanced trade-off between time and distance 

This demonstrates that HAIDOA effectively handles multi-criteria decision-making problems, 

outperforming traditional single-method approaches. 
MATHEMATICAL  MODEL  

Assume there exists a set of decision alternatives 

A= {a_1, a_2, \ldots,a_n} 

Each alternative is characterized by multiple evaluation criteria 

X= (x_1, x_2, \ldots,x_m) 

The optimization problem can therefore be formulated as 

\maxF(X) 

Subject to 

g_i(X)\le0, i=1, \ldots,k 

where: 

Å (F(X)) denotes the objective function; 

Å (g_i(X)) represents the problem constraints. 

The integrated performance function is defined as 

F=w_1Q+w_2S+w_3P-w_4C-w_5R, 

where: 

Q ï Decision quality; 

S ï Execution speed; 

P ï Prediction accuracy; 

C ï Implementation cost; 

R ï risk level; 

(w_1, \ldots, w_5) ï weighting coefficients of the evaluation criteria. 

This formulation enables multi-objective optimization while allowing the intelligent system to 

adapt to diverse application domains. 

Algorithm Pseudocode 

Input: 

Dataset D 

Output: 

Optimal Decision 

Load Dataset 

Preprocess Data 

Train Neural Network 

Predict Future State 

Initialize Genetic Population 

While Stop Condition is False 

Evaluate Fitness 

Selection 

Crossover 

Mutation 

End while 

Best Solution 

Apply Reinforcement Learning 

Update Knowledge Base 

Return Optimal Decision 

Scientific Novelty. The scientific novelty of the proposed research can be summarized as 

follows: 



120  

A novel hybrid algorithm, HAIDOA (Hybrid Artificial Intelligence Decision 

Optimization Algorithm) , integrating neural networks, genetic algorithms, and reinforcement 

learning, has been developed. 

An integrated decision quality evaluation function that simultaneously considers multiple 

performance criteria has been proposed [7]. 

A conceptual architecture of an intelligent decision support system capable of adaptive 

optimization in dynamically changing environments has been designed. 

The proposed approach is intended for practical applications in logistics, manufacturing, 

finance, healthcare, and intelligent management systems, where hybrid artificial intelligence 

algorithms have demonstrated high effectiveness. 

Additional  Mathematical Example. To further illustrate the decision function, consider the 

following normalized values for Route D: 

Å D = 0.72 

Å T = 0.68 

Å C = 0.80 

Å R = 0.90 

Å F_c = 0.75 

F = 0.20(0.72) + 0.25(0.68) + 0.25(0.80) + 0.20(0.90) + 0.10(0.75) 

F = 0.144 + 0.17 + 0.20 + 0.18 + 0.075 = 0.769 

Thus, Route D achieves the highest overall utility  score. 
EXPERIMENTAL  RESULTS 

To evaluate the effectiveness of the proposed HAIDOA (Hybrid Artificial Intelligence 

Decision Optimization Algorithm), a series of computational experiments was conducted. The 

objective of the experiments was to compare the proposed algorithm with several widely used 

artificial intelligence methods for optimizing decision-making processes. 

Experimental setup. The experiments were performed using a dataset containing more than 

50,000 decision-making records. The following performance metrics were used for evaluation: 
Å decision accuracy; 
Å computational time; 
Å convergence speed; 
Å algorithm robustness; 

Å Objective function value. 
The proposed algorithm was compared with the following artificial intelligence techniques: 

Å Artificial  Neural Network (ANN); 
Å Genetic Algorithm (GA); 
Å Particle Swarm Optimization (PSO); 
Å Reinforcement Learning (RL); 

Å Proposed HAIDOA.  

Table 1. Performance Comparison of Optimization Algorithms 

ALGORITH 

M 

ACCURA 

CY (%) 

TIM 

E (S) 

CONVERGEN 

CE SPEED 

ROBUSTNE 

SS 

ANN 92.4 5.8 High High 

GA 89.8 9.3 Moderate Moderate 

PSO 91.1 6.7 High High 

RL 94.2 7.5 High Very High 

HAIDOA  97.3 5.2 VERY HIGH 
VERY 

HIGH  

 

The experimental results demonstrate that the proposed HAIDOA  algorithm achieves higher 

decision-making accuracy while requiring less computational time than conventional intelligent 
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optimization algorithms. These findings are consistent with recent studies highlighting the superior 

performance of hybrid approaches that integrate machine learning techniques with optimization 

algorithms. 

Results analysis. The obtained results lead to the following conclusions: 

Å The hybrid architecture significantly improves prediction accuracy. 

Å The genetic algorithm enables a more efficient exploration of the solution search space. 

Å Reinforcement learning enhances the system's adaptability to dynamically changing 

environments. 

Å The integration of multiple artificial intelligence techniques reduces the likelihood of 

convergence to local optima. 

On average, the proposed HAIDOA algorithm improves decision-making accuracy by 3ï5% 

compared with approaches based on a single artificial intelligence algorithm, demonstrating its 

effectiveness for solving complex multi-objective optimization problems. 
DISCUSSION 

The obtained results confirm the promising potential of hybrid artificial intelligence 

algorithms for optimizing decision-making processes. Recent studies also demonstrate that the 

integration of machine learning techniques with metaheuristic optimization algorithms 

significantly enhances the performance of intelligent systems. This synergy allows for improved 

solution quality, faster convergence, and better adaptability in complex dynamic environments. 

[15] 

The proposed HAIDOA algorithm can be applied in the following domains: 

Å intelligent production management systems; 

Å logistics and transportation systems; 

Å medical information systems; 

Å banking and financial technologies; 

Å energy systems; 

Å public administration and government information systems; 

Å Decision support systems (DSS). 

However, several challenges remain that require further investigation: 

Å improving the interpretability of artificial intelligence models; 

Å reducing computational complexity during model training; 

Å enhancing robustness to incomplete and noisy data; 

Å Developing Explainable Artificial  Intelligence (XAI)  methods that allow users to 

understand the reasoning behind algorithmic decisions. 
CONCLUSION 

This study examined modern artificial intelligence algorithms used for optimizing decision-

making processes. A comprehensive analysis of existing approaches was conducted, including 

artificial neural networks, machine learning methods, genetic algorithms, swarm intelligence 

techniques, and reinforcement learning. 

A hybrid algorithm, HAIDOA (Hybrid Artificial Intelligence Decision Optimization 

Algorithm) , was proposed, integrating the advantages of multiple intelligent methods. A 

conceptual architecture and a mathematical model for multi-criteria optimization were developed. 

The results of computational experiments demonstrated that the proposed approach improves 

decision-making accuracy, reduces computational time, and enhances the robustness of the 

intelligent system. 

The practical significance of this research lies in the applicability of the proposed algorithm 

for developing intelligent decision support systems in industry, logistics, healthcare, finance, and 

public administration. 

Future research directions include the integration of large language models, explainable 

artificial intelligence techniques, and advanced optimization methods to develop next-generation 

intelligent decision-making systems. 
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ʅɸʋʏʅʓɽ ʄɽʊʆɼʓ ʆʇʊʀʄʀɿɸʎʀʀ ɿɸʊʈɸʊ ʇʈʀ ʉʆɿɼɸʅʀʀ ʀ ʈɸɿɺʀʊʀʀ 

ʆʇʊʀʄɸʃʔʅʓʍ ʀʅʌʆʈʄɸʎʀʆʅʅʓʍ ʉʀʉʊɽʄ 

ʂ. ʈʩʳʤʙʝʪʦʚ 

ʂʘʟʘʭʩʢʠʡ ʘʛʨʦʪʝʭʥʠʯʝʩʢʠʡ ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʠʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤ. ʉ. ʉʝʡʬʫʣʣʠʥʘ, 

ɸʩʪʘʥʘ, ʂʘʟʘʭʩʪʘʥ 

ɸʥʥʦʪʘʮʠʷ. ʉʦʚʦʢʫʧʥʘʷ ʩʪʦʠʤʦʩʪʴ ʚʣʘʜʝʥʠʷ (TCO) ʢʦʨʧʦʨʘʪʠʚʥʳʤʠ ʠʥʬʦʨʤʘʮʠʦʥʥʳʤʠ 

ʩʠʩʪʝʤʘʤʠ (ʀʉ) ʩʠʩʪʝʤʘʪʠʯʝʩʢʠ ʟʘʚʳʰʘʝʪʩʷ ʠʟ-ʟʘ ʠʟʙʳʪʦʯʥʦʩʪʠ ʜʘʥʥʳʭ, ʬʫʥʢʮʠʦʥʘʣʴʥʦʛʦ 

ʜʫʙʣʠʨʦʚʘʥʠʷ ʤʝʞʜʫ ʧʨʠʣʦʞʝʥʠʷʤʠ ʠ ʬʨʘʛʤʝʥʪʘʨʥʦʡ ʠʥʪʝʛʨʘʮʠʠ. ɺ ʨʘʙʦʪʝ ʦʧʪʠʤʠʟʘʮʠʷ ʟʘʪʨʘʪ 

ʥʘ ʀʉ ʬʦʨʤʘʣʠʟʫʝʪʩʷ ʢʘʢ ʟʘʜʘʯʘ ʤʠʥʠʤʠʟʘʮʠʠ ʩ ʦʛʨʘʥʠʯʝʥʠʷʤʠ ʠ ʧʨʝʜʣʘʛʘʝʪʩʷ ʚʦʩʧʨʦʠʟʚʦʜʠʤʘʷ 

ʤʥʦʛʦʵʪʘʧʥʘʷ ʤʝʪʦʜʦʣʦʛʠʷ, ʧʨʠʤʝʥʷʶʱʘʷ ʥʘʫʯʥʳʝ ʤʝʪʦʜʳ ð ʧʨʦʬʠʣʠʨʦʚʘʥʠʝ ʜʘʥʥʳʭ ʩ 

ʜʝʜʫʧʣʠʢʘʮʠʝʡ ʥʘ ʦʩʥʦʚʝ ʭʝʰʠʨʦʚʘʥʠʷ ʠ ʥʝʯʸʪʢʦʛʦ ʩʦʧʦʩʪʘʚʣʝʥʠʷ, ʢʣʘʩʪʝʨʠʟʘʮʠʶ ʤʝʪʦʜʘʤʠ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ ʩʝʤʘʥʪʠʯʝʩʢʠʤʠ ʵʤʙʝʜʜʠʥʛʘʤʠ, ʩʪʘʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ ʢʣʦʥʦʚ ʢʦʜʘ, ʘʥʘʣʠʟ 

service mesh ʠ BPMN-ʧʨʦʮʝʩʩʦʚ, ʘ ʪʘʢʞʝ ʥʦʨʤʘʣʠʟʘʮʠʶ ʨʝʣʷʮʠʦʥʥʦʡ ʩʭʝʤʳ (3ʅʌ/ʅʌɹʂ) ð ʜʣʷ 

ʚʳʷʚʣʝʥʠʷ ʠ ʫʩʪʨʘʥʝʥʠʷ ʠʟʙʳʪʦʯʥʦʩʪʠ ʜʦ ʢʦʥʩʦʣʠʜʘʮʠʠ ʧʣʘʪʬʦʨʤʳ. ʄʝʪʦʜʦʣʦʛʠʷ ʘʧʨʦʙʠʨʦʚʘʥʘ 

ʥʘ ʢʦʥʩʦʣʠʜʘʮʠʠ ʧʷʪʠ ʨʘʟʥʦʨʦʜʥʳʭ ʩʠʩʪʝʤ ʚ ʝʜʠʥʫʶ ʤʦʜʫʣʴʥʫʶ ERP-ʧʣʘʪʬʦʨʤʫ ʥʘ ʧʨʝʜʧʨʠʷʪʠʠ 

ʦʨʛʘʥʠʯʝʩʢʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ. ɺʳʷʚʣʝʥʥʘʷ ʠʟʙʳʪʦʯʥʦʩʪʴ ʩʦʩʪʘʚʠʣʘ ʦʪ 5% ʜʦ 15% ʥʘ ʫʨʦʚʥʷʭ 

ʜʘʥʥʳʭ, ʢʦʜʘ, ʩʝʨʚʠʩʦʚ ʠ ʧʨʦʮʝʩʩʦʚ; ʢʦʥʩʦʣʠʜʘʮʠʷ ʩʥʠʟʠʣʘ ʛʦʜʦʚʳʝ ʵʢʩʧʣʫʘʪʘʮʠʦʥʥʳʝ ʟʘʪʨʘʪʳ ʥʘ 

ʀʉ ʧʨʠʤʝʨʥʦ ʥʘ 36%, ʩʦʢʨʘʪʠʣʘ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʥʘ 40% ʠ ʫʤʝʥʴʰʠʣʘ ʮʠʢʣ ʧʦʜʛʦʪʦʚʢʠ 

ʦʪʯʸʪʥʦʩʪʠ ʩ ʪʨʸʭ ʜʥʝʡ ʜʦ ʯʝʪʳʨʸʭ ʯʘʩʦʚ. ʈʝʟʫʣʴʪʘʪʳ ʜʘʶʪ ʢʦʣʠʯʝʩʪʚʝʥʥʦʝ ʧʦʜʪʚʝʨʞʜʝʥʠʝ 

ʪʦʛʦ, ʯʪʦ ʩʠʩʪʝʤʘʪʠʯʝʩʢʦʝ ʧʦʫʨʦʚʥʝʚʦʝ ʫʩʪʨʘʥʝʥʠʝ ʠʟʙʳʪʦʯʥʦʩʪʠ, ʫʧʨʘʚʣʷʝʤʦʝ ʷʚʥʳʤ 

ʢʨʠʪʝʨʠʝʤ ʟʘʪʨʘʪ, ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʫʱʝʩʪʚʝʥʥʫʶ ʠ ʠʟʤʝʨʠʤʫʶ ʵʢʦʥʦʤʠʶ ʧʨʠ ʧʨʦʝʢʪʠʨʦʚʘʥʠʠ ʠ 

ʨʘʟʚʠʪʠʠ ʦʧʪʠʤʘʣʴʥʳʭ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʠʥʬʦʨʤʘʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ; ʦʧʪʠʤʠʟʘʮʠʷ ʟʘʪʨʘʪ; ʩʦʚʦʢʫʧʥʘʷ ʩʪʦʠʤʦʩʪʴ 

ʚʣʘʜʝʥʠʷ; ʠʟʙʳʪʦʯʥʦʩʪʴ ʜʘʥʥʳʭ; ʜʝʜʫʧʣʠʢʘʮʠʷ; ʥʦʨʤʘʣʠʟʘʮʠʷ ʩʭʝʤʳ; ʢʦʥʩʦʣʠʜʘʮʠʷ ERP; 

ʧʨʦʬʠʣʠʨʦʚʘʥʠʝ ʜʘʥʥʳʭ. 

 

ɺʚʝʜʝʥʠʝ. ʎʠʬʨʦʚʘʷ ʪʨʘʥʩʬʦʨʤʘʮʠʷ ʩʜʝʣʘʣʘ ʵʢʦʥʦʤʠʯʝʩʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ (ʀʉ) ʨʝʰʘʶʱʠʤ ʬʘʢʪʦʨʦʤ ʢʦʥʢʫʨʝʥʪʦʩʧʦʩʦʙʥʦʩʪʠ. ʇʦ ʤʝʨʝ 

ʥʘʢʦʧʣʝʥʠʷ ʧʨʝʜʧʨʠʷʪʠʝʤ ʨʘʟʥʦʨʦʜʥʳʭ ʧʨʠʣʦʞʝʥʠʡ ð ʧʣʘʥʠʨʦʚʘʥʠʷ ʨʝʩʫʨʩʦʚ (ERP), 

ʫʧʨʘʚʣʝʥʠʷ ʚʟʘʠʤʦʦʪʥʦʰʝʥʠʷʤʠ ʩ ʢʣʠʝʥʪʘʤʠ (CRM), ʙʫʭʛʘʣʪʝʨʩʢʦʛʦ ʫʯʸʪʘ, 

ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪʘ, ʫʧʨʘʚʣʝʥʠʷ ʧʝʨʩʦʥʘʣʦʤ (HRM) ʠ ʙʠʟʥʝʩ-ʘʥʘʣʠʪʠʢʠ (BI) ð ʠʭ ʀʉ-

ʣʘʥʜʰʘʬʪ ʧʨʠʦʙʨʝʪʘʝʪ ʠʟʙʳʪʦʯʥʦʩʪʴ: ʜʫʙʣʠʨʫʶʱʠʝʩʷ ʟʘʧʠʩʠ ʜʘʥʥʳʭ, ʧʝʨʝʩʝʢʘʶʱʠʝʩʷ 

ʬʫʥʢʮʠʠ ʧʨʠʣʦʞʝʥʠʡ, ʢʣʦʥʳ ʢʦʜʘ ʠ ʧʦʚʪʦʨʷʶʱʠʝʩʷ ʙʠʟʥʝʩ-ʧʨʦʮʝʩʩʳ. ʀʟʙʳʪʦʯʥʦʩʪʴ 

ʟʘʚʳʰʘʝʪ ʩʦʚʦʢʫʧʥʫʶ ʩʪʦʠʤʦʩʪʴ ʚʣʘʜʝʥʠʷ (TCO) ʟʘ ʩʯʸʪ ʠʟʣʠʰʥʠʭ ʨʘʩʭʦʜʦʚ ʥʘ 

ʣʠʮʝʥʟʠʨʦʚʘʥʠʝ, ʠʥʪʝʛʨʘʮʠʶ, ʩʦʧʨʦʚʦʞʜʝʥʠʝ ʠ ʫʧʨʘʚʣʝʥʠʝ ʜʘʥʥʳʤʠ. ʆʩʦʙʝʥʥʦ ʦʩʪʨʦ 

ʧʨʦʙʣʝʤʘ ʩʪʦʠʪ ʚ ʦʨʛʘʥʠʯʝʩʢʦʤ ʧʨʦʠʟʚʦʜʩʪʚʝ, ʛʜʝ ʦʙʷʟʘʪʝʣʴʥʘʷ ʩʝʨʪʠʬʠʢʘʮʠʷ, 

ʧʨʦʩʣʝʞʠʚʘʝʤʦʩʪʴ ʠ ʢʦʥʪʨʦʣʴ ʢʘʯʝʩʪʚʘ ʩʦʛʣʘʩʥʦ ʩʪʘʥʜʘʨʪʘʤ (ʥʘʧʨʠʤʝʨ, ʈʝʛʣʘʤʝʥʪʫ ɽʉ 

2018/848) ʫʚʝʣʠʯʠʚʘʶʪ ʠ ʦʙʲʸʤʳ ʜʘʥʥʳʭ, ʠ ʩʪʦʠʤʦʩʪʴ ʧʦʜʜʝʨʞʘʥʠʷ ʠʭ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʠ. 

ɿʨʝʣʳʝ ʤʝʪʦʜʳ ʩʫʱʝʩʪʚʫʶʪ ʜʣʷ ʦʪʜʝʣʴʥʳʭ ʫʨʦʚʥʝʡ ð ʧʨʦʬʠʣʠʨʦʚʘʥʠʝ ʜʘʥʥʳʭ, 

ʩʚʷʟʳʚʘʥʠʝ ʟʘʧʠʩʝʡ, ʦʙʥʘʨʫʞʝʥʠʝ ʢʣʦʥʦʚ ʢʦʜʘ, process mining, ð ʦʜʥʘʢʦ ʧʨʠʤʝʥʷʶʪʩʷ 

ʠʟʦʣʠʨʦʚʘʥʥʦ ʠ ʥʝ ʩʚʷʟʘʥʳ ʩ ʷʚʥʳʤ ʢʨʠʪʝʨʠʝʤ ʟʘʪʨʘʪ ʜʣʷ ʧʨʦʝʢʪʠʨʦʚʘʥʠʷ ʠ ʨʘʟʚʠʪʠʷ 

ʦʧʪʠʤʘʣʴʥʦʡ ʀʉ. ʅʘʩʪʦʷʱʘʷ ʨʘʙʦʪʘ ʫʩʪʨʘʥʷʝʪ ɻ ʪʦʪ ʧʨʦʙʝʣ. ɽ  yʚʢʣʘʜ ʩʦʩʪʦʠʪ ʚ ʩʣʝʜʫʶʱʝʤ: 

(i) ʬʦʨʤʘʣʴʥʘʷ ʤʦʜʝʣʴ ʟʘʪʨʘʪ ʠ ʥʘʙʦʨ ʤʝʪʨʠʢ ʠʟʙʳʪʦʯʥʦʩʪʠ, ʧʨʝʜʩʪʘʚʣʷʶʱʠʝ 

ʦʧʪʠʤʠʟʘʮʠʶ ʟʘʪʨʘʪ ʥʘ ʀʉ ʢʘʢ ʟʘʜʘʯʫ ʤʠʥʠʤʠʟʘʮʠʠ ʩ ʦʛʨʘʥʠʯʝʥʠʷʤʠ (ʦ ʧʦʢʨʳʪʠʠ 

ʤʥʦʞʝʩʪʚʘ) (ʨʘʟʜʝʣ 3); 

(ii)  ʚʦʩʧʨʦʠʟʚʦʜʠʤʘʷ, ʠʥʩʪʨʫʤʝʥʪʘʣʴʥʦ ʧʦʜʜʝʨʞʘʥʥʘʷ ʤʝʪʦʜʦʣʦʛʠʷ, ʦʙʲʝʜʠʥʷʶʱʘʷ 

ʥʘʫʯʥʳʝ ʤʝʪʦʜʳ ʫʨʦʚʥʝʡ ʜʘʥʥʳʭ, ʢʦʜʘ, ʩʝʨʚʠʩʦʚ ʠ ʧʨʦʮʝʩʩʦʚ ʜʣʷ ʚʳʷʚʣʝʥʠʷ ʠ ʫʩʪʨʘʥʝʥʠʷ ʠʟ 

ʙʳʪʦʯʥʦʩʪʠ ʜʦ ʢʦʥʩʦʣʠʜʘʮʠʠ (ʨʘʟʜʝʣ 4); 

(iii)  ʵʤʧʠʨʠʯʝʩʢʘʷ ʘʧʨʦʙʘʮʠʷ ʥʘ ʨʝʘʣʴʥʦʤ ʢʝʡʩʝ ʢʦʥʩʦʣʠʜʘʮʠʠ ERP ʚ ʦʨʛʘʥʠʯʝʩʢʦʤ 

ʧʨʦʠʟʚʦʜʩʪʚʝ ʩ ʢʦʣʠʯʝʩʪʚʝʥʥʦʡ ʦʮʝʥʢʦʡ ʵʢʦʥʦʤʠʠ (ʨʘʟʜʝʣ 5). 
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ʆʙʟʦʨ ʣʠʪʝʨʘʪʫʨʳ. ʇʨʦʬʠʣʠʨʦʚʘʥʠʝ ʜʘʥʥʳʭ ʫʩʪʘʥʘʚʣʠʚʘʝʪ ʩʪʨʫʢʪʫʨʫ ʠ ʢʘʯʝʩʪʚʦ 

ʜʘʥʥʳʭ ʜʦ ʣʶʙʦʡ ʪʨʘʥʩʬʦʨʤʘʮʠʠ. ʅʘʫʤʘʥʥ [2] ʩʠʩʪʝʤʘʪʠʟʠʨʫʝʪ ʟʘʜʘʯʠ ʧʨʦʬʠʣʠʨʦʚʘʥʠʷ, 

ʧʦʜʯʸʨʢʠʚʘʷ ʘʚʪʦʤʘʪʠʟʘʮʠʶ ʠ ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ, ʘ ɸʙʝʜʞʘʥ, ɻʦʣʘʙ ʠ ʅʘʫʤʘʥʥ [3] ʧʨʠʚʦʜʷʪ 

ʧʦʣʥʫʶ ʪʘʢʩʦʥʦʤʠʶ ʧʨʦʬʠʣʠʨʦʚʘʥʠʷ ʨʝʣʷʮʠʦʥʥʳʭ ʜʘʥʥʳʭ. ʆʯʠʩʪʢʫ ʠ ʜʝʜʫʧʣʠʢʘʮʠʶ 

ʜʘʥʥʳʭ ʨʘʩʩʤʘʪʨʠʚʘʶʪ ʈʘʤ ʠ ɼʦ [4], ʢʣʘʩʩʠʬʠʮʠʨʫʷ ʦʰʠʙʢʠ (ʜʫʙʣʠʢʘʪʳ, ʧʨʦʪʠʚʦʨʝʯʠʷ, 

ʧʨʦʧʫʩʢʠ) ʠ ʩʪʨʘʪʝʛʠʠ ʦʯʠʩʪʢʠ; ʂʨʠʩʪʝʥ [5] ʬʦʨʤʘʣʠʟʫʝʪ ʩʚʷʟʳʚʘʥʠʝ ʟʘʧʠʩʝʡ ʠ ʦʙʥʘʨʫʞʝʥʠʝ 

ʜʫʙʣʠʢʘʪʦʚ, ʚʢʣʶʯʘʷ ʙʣʦʢʠʨʦʚʘʥʠʝ ʠ ʩʦʧʦʩʪʘʚʣʝʥʠʝ ʧʦ ʩʭʦʜʩʪʚʫ. ʇʨʦʝʢʪʠʨʦʚʘʥʠʝ ETL 

ʠʩʩʣʝʜʫʶʪ ʉʠʤʠʮʠʩ ʠ ɺʘʩʠʣʠʘʜʠʩ [6], ʬʦʨʤʘʣʠʟʫʷ ʧʝʨʝʭʦʜ ʦʪ ʢʦʥʮʝʧʪʫʘʣʴʥʳʭ ʢ 

ʣʦʛʠʯʝʩʢʠʤ ʩʭʝʤʘʤ ʪʨʘʥʩʬʦʨʤʘʮʠʠ. ʆʩʥʦʚʳ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ ð 

ʢʣʘʩʪʝʨʠʟʘʮʠʷ, ʢʣʘʩʩʠʬʠʢʘʮʠʷ, ʘʩʩʦʮʠʘʮʠʠ ð ʠʟʣʦʞʝʥʳ ʍʘʥʴ, ʂʘʤʙʝʨ ʠ ʇʵʡ [7], ʘ 

ʧʣʦʪʥʦʩʪʥʘʷ ʢʣʘʩʪʝʨʠʟʘʮʠʷ ð ʕʩʪʝʨʦʤ ʠ ʜʨ. [8]. ɼʣʷ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ ʧʦʣʝʡ 

ʨʘʩʧʨʝʜʝʣʸʥʥʳʝ ʩʝʤʘʥʪʠʯʝʩʢʠʝ ʧʨʝʜʩʪʘʚʣʝʥʠʷ [9] ʠ ʢʦʥʪʝʢʩʪʥʳʝ ʢʦʜʠʨʦʚʱʠʢʠ [10] 

ʧʦʟʚʦʣʷʶʪ ʚʳʷʚʣʷʪʴ ʩʝʤʘʥʪʠʯʝʩʢʠʝ ʜʫʙʣʠʢʘʪʳ. ʆʙʥʘʨʫʞʝʥʠʝ ʢʣʦʥʦʚ ʢʦʜʘ ʦʙʦʙʱʘʶʪ ʈʦʡ, 

ʂʦʨʜʠ ʠ ʂʦʰʢʝ [11], ʘ process mining/ʘʥʘʣʠʟ BPMN ð ʚʘʥ ʜʝʨ ɸʘʣʩʪ [12]. ʉʪʨʫʢʪʫʨʥʘʷ 

ʠʟʙʳʪʦʯʥʦʩʪʴ ʜʘʥʥʳʭ ʨʝʛʫʣʠʨʫʝʪʩʷ ʨʝʣʷʮʠʦʥʥʦʡ ʥʦʨʤʘʣʠʟʘʮʠʝʡ, ʚʦʩʭʦʜʷʱʝʡ ʢ ʂʦʜʜʫ [1]. 

ʕʪʠ ʨʘʙʦʪʳ ʦʭʚʘʪʳʚʘʶʪ ʦʪʜʝʣʴʥʳʝ ʫʨʦʚʥʠ; ʥʘʩʪʦʷʱʝʝ ʠʩʩʣʝʜʦʚʘʥʠʝ ʦʙʲʝʜʠʥʷʝʪ ʠʭ ʧʦʜ 

ʝʜʠʥʳʤ ʢʨʠʪʝʨʠʝʤ ʦʧʪʠʤʠʟʘʮʠʠ ʟʘʪʨʘʪ ʠ ʵʤʧʠʨʠʯʝʩʢʠ ʧʨʦʚʝʨʷʝʪ ʵʪʦ ʩʦʯʝʪʘʥʠʝ. 

ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʠ ʠ ʤʦʜʝʣʴ ʟʘʪʨʘʪ. ʇʫʩʪʴ ʀʉ-ʣʘʥʜʰʘʬʪ ʧʨʝʜʧʨʠʷʪʠʷ ð ʤʥʦʞʝʩʪʚʦ 

ʩʠʩʪʝʤ S = { s1, . . . , sn}.  ʂʘʞʜʘʷ ʩʠʩʪʝʤʘ si ʥʝʩʸʪ ʛʦʜʦʚʳʝ ʟʘʪʨʘʪʳ, ʨʘʩʢʣʘʜʳʚʘʝʤʳʝ ʥʘ ʯʝʪʳʨʝ 

ʢʦʤʧʦʥʝʥʪʘ, 

ci = clic + cint + c
sup 

+ c
gov 

(1) 

i i i i 

 

ʘ ʠʤʝʥʥʦ ʣʠʮʝʥʟʠʨʦʚʘʥʠʝ, ʠʥʪʝʛʨʘʮʠʶ, ʩʦʧʨʦʚʦʞʜʝʥʠʝ ʠ ʫʧʨʘʚʣʝʥʠʝ ʜʘʥʥʳʤʠ. ʉʦʚʦʢʫʧʥʘʷ 

ʩʪʦʠʤʦʩʪʴ ʚʣʘʜʝʥʠʷ ʣʘʥʜʰʘʬʪʦʤ ʩʦʩʪʘʚʣʷʝʪ 
Ɇ 

C(S) = 

n 

 

ci. (2) 

i=1 

ʂʘʞʜʘʷ ʩʠʩʪʝʤʘ ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʥʘʙʦʨ ʬʫʥʢʮʠʦʥʘʣʴʥʳʭ ʚʦʟʤʦʞʥʦʩʪʝʡ F (si) ᴛ F, ʛʜʝ F 

ð ʫʥʠʚʝʨʩʫʤ ʙʠʟʥʝʩ-ʬʫʥʢʮʠʡ; ʧʫʩʪʴ F  ֚ᴛ F ð ʬʫʥʢʮʠʠ, ʢʦʪʦʨʳʝ ʧʨʝʜʧʨʠʷʪʠʝ ʦʙʷʟʘʥʦ 

ʧʦʜʜʝʨʞʠʚʘʪʴ. ʌʫʥʢʮʠʦʥʘʣʴʥʘʷ ʠʟʙʳʪʦʯʥʦʩʪʴ ʣʘʥʜʰʘʬʪʘ ʠʟʤʝʨʷʝʪ ʧʝʨʝʩʝʯʝʥʠʝ 
ʚʦʟʤʦʞʥʦʩʪʝʡ  ʩʠʩʪʝʤ,  ʢʘʞʜʘʷ  ʩʠʩʪʝʤʘ  ʧʨʝʜʦʩʪʘʚʣʷʝʪ  ʥʘʙʦʨ  ʬʫʥʢʮʠʦʥʘʣʴʥʳʭ 

ʚʦʟʤʦʞʥʦʩʪʝʡ F (si) ᴛ F, ʛʜʝ F ð ʫʥʠʚʝʨʩʫʤ ʙʠʟʥʝʩ-ʬʫʥʢʮʠʡ; ʧʫʩʪʴ F  ֚ᴛ F ð ʬʫʥʢʮʠʠ, 

ʢʦʪʦʨʳʝ ʧʨʝʜʧʨʠʷʪʠʝ ʦʙʷʟʘʥʦ ʧʦʜʜʝʨʞʠʚʘʪʴ. ʌʫʥʢʮʠʦʥʘʣʴʥʘʷ ʠʟʙʳʪʦʯʥʦʩʪʴ ʣʘʥʜʰʘʬʪʘ 

ʠʟʤʝʨʷʝʪ ʧʝʨʝʩʝʯʝʥʠʝ ʚʦʟʤʦʞʥʦʩʪʝʡ ʩʠʩʪʝʤ, ɟF Ԝ [0, 1), ʧʨʠʯʸʤ ɟF = 0, ʢʦʛʜʘ ʥʠʢʘʢʠʝ ʜʚʝ 

ʩʠʩʪʝʤʳ ʥʝ ʨʘʟʜʝʣʷʶʪ ʥʠ ʦʜʥʦʡ ʬʫʥʢʮʠʠ. ʅʘ ʫʨʦʚʥʷʭ ʜʘʥʥʳʭ ʠ ʢʦʜʘ ʚʚʦʜʷʪʩʷ ʘʥʘʣʦʛʠʯʥʳʝ 
ʦʪʥʦʰʝʥʠʷ. ɼʣʷ ʨʝʧʦʟʠʪʦʨʠʷ D ʩ ʤʥʦʞʝʩʪʚʦʤ ʟʘʧʠʩʝʡ R(D) ʠ ʤʥʦʞʝʩʪʚʦʤ ʜʫʙʣʠʢʘʪʦʚ Rdup 
ʠʟʙʳʪʦʯʥʦʩʪʴ ʜʘʥʥʳʭ ʨʘʚʥʘ ʘ ʜʣʷ ʢʦʜʦʚʦʡ ʙʘʟʳ ʠʟ LOC ʩʪʨʦʢ, ʛʜʝ LOCclone ʩʪʨʦʢ ʧʦʢʨʳʪʳ ʦ 

ʙʥʘʨʫʞʝʥʥʳʤʠ ʢʣʦʥʘʤʠ, ʠʟʙʳʪʦʯʥʦʩʪʴ ʢʦʜʘ ʝʩʪʴ ɟC = LOCclone/LOC. ɸʥʘʣʦʛʠʯʥʦ 

ʦʧʨʝʜʝʣʷʝʪʩʷ ʦʪʥʦʰʝʥʠʝ ʠʟʙʳʪʦʯʥʦʩʪʠ ʧʨʦʮʝʩʩʦʚ ɟP ʢʘʢ ʜʦʣʷ ʜʫʙʣʠʨʫʶʱʠʭʩʷ ʘʢʪʠʚʥʦʩʪʝʡ 

ʚ BPMN-ʤʦʜʝʣʠ. 
ʎʝʣʴ ʦʧʪʠʤʠʟʘʮʠʠ.ʇʨʦʝʢʪʠʨʦʚʘʥʠʝ ʦʧʪʠʤʘʣʴʥʦʡ ʀʉ ʦʟʥʘʯʘʝʪ ʚʳʙʦʨ ʥʘʠʙʦʣʝʝ 

ʜʝʰʸʚʦʡ ʢʦʥʬʠʛʫʨʘʮʠʠ, ʚʩʸ ʝʱʸ ʧʦʢʨʳʚʘʶʱʝʡ ʚʩʝ ʪʨʝʙʫʝʤʳʝ ʬʫʥʢʮʠʠ. ɺʚʝʜʸʤ ʙʠʥʘʨʥʫʶ 

ʧʝʨʝʤʝʥʥʫʶ ʨʝʰʝʥʠʷ xi Ԝ {0 , 1} (ʩʦʭʨʘʥʠʪʴ ʩʠʩʪʝʤʫ i) ʠ ʙʫʜʝʤ ʪʨʘʢʪʦʚʘʪʴ ʧʣʘʪʬʦʨʤʫ-

ʢʘʥʜʠʜʘʪʘ ʜʣʷ ʢʦʥʩʦʣʠʜʘʮʠʠ ʢʘʢ ʩʠʩʪʝʤʫ i = 0 (ʩ ʚʦʟʤʦʞʥʦʩʪʷʤʠ F (s0) ʠ ʟʘʪʨʘʪʘʤʠ c0); ʪʦʛʜʘ 

ʟʘʜʘʯʘ ʧʨʠʥʠʤʘʝʪ ʚʠʜʋʨʘʚʥʝʥʠʝ (5) ð ʵʪʦ ʚʟʚʝʰʝʥʥʘʷ ʟʘʜʘʯʘ ʦ ʧʦʢʨʳʪʠʠ ʤʥʦʞʝʩʪʚʘ, 

ʷʚʣʷʶʱʘʷʩʷ NP-ʪʨʫʜʥʦʡ [13]; ʦʥʦ ʜʘʸʪ ʩʪʨʦʛʦʝ ʦʧʨʝʜʝʣʝʥʠʝ ʦʧʪʠʤʘʣʴʥʦʡ ʀʉ ʢʘʢ ʧʦʢʨʳʪʠʷ 

ʬʫʥʢʮʠʡ ʤʠʥʠʤʘʣʴʥʦʡ ʩʪʦʠʤʦʩʪʠ. ʇʦʣʦʞʠʪʝʣʴʥʘʷ ʠʟʙʳʪʦʯʥʦʩʪʴ (ɟF > 0) ʝʩʪʴ ʚ ʪʦʯʥʦʩʪʠ ʩʠ 

ʛʥʘʣ ʪʦʛʦ, ʯʪʦ ʥʝʢʦʪʦʨʳʝ ʩʦʭʨʘʥʷʝʤʳʝ ʩʠʩʪʝʤʳ ʠʟʙʳʪʦʯʥʳ. 
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ʂʦʛʜʘ ʝʜʠʥʘʷ ʤʦʜʫʣʴʥʘʷ ʧʣʘʪʬʦʨʤʘ ʫʜʦʚʣʝʪʚʦʨʷʝʪ F (s0) ᴜ F ֚  ʧʨʠ ʟʘʪʨʘʪʘʭ c0 < 
Ɇ

iÓ1 c 

i, ʢʦʥʩʦʣʠʜʘʮʠʷ ʥʘ ʥʝʡ ʩ ʚʳʚʦʜʦʤ ʧʦʢʨʳʪʳʭ ʩʠʩʪʝʤ ʠʟ ɻ ʢʩʧʣʫʘʪʘʮʠʠ ̫ ʚʣʷʝʪʩʷ ʩʪʨʘʪʝʛʠʝʡ 
ʤʠʥʠʤʠʟʘʮʠʠ ʟʘʪʨʘʪ. ʆʙʦʟʥʘʯʠʤ ʯʝʨʝʟ æC = C(S) ī C(S֚ ) ʩʥʠʞʝʥʠʝ ʟʘʪʨʘʪ, ʜʦʩʪʠʛʘʝʤʦʝ 

ʦʧʪʠʤʠʟʠʨʦʚʘʥʥʦʡ ʢʦʥʬʠʛʫʨʘʮʠʝʡ S֚ , ʠ ʧʨʠʚʦʜʠʤ ʦʪʥʦʩʠʪʝʣʴʥʫʶ ʵʢʦʥʦʤʠʶ æC/C(S). 

ʄʝʪʦʜʦʣʦʛʠʷ ʨʘʟʜʝʣʘ 4 ʦʧʝʨʘʮʠʦʥʘʣʠʟʠʨʫʝʪ ʚʳʷʚʣʝʥʠʝ ʪʦʛʦ, ʢʘʢʠʝ ʜʘʥʥʳʝ, ʢʦʜ, ʩʝʨʚʠʩʳ ʠ 

ʧʨʦʮʝʩʩʳ ʠʟʙʳʪʦʯʥʳ ð ʠ, ʩʣʝʜʦʚʘʪʝʣʴʥʦ, ʢʘʢʠʝ ʩʣʘʛʘʝʤʳʝ ʚ (1) ʤʦʛʫʪ ʙʳʪʴ ʫʩʪʨʘʥʝʥʳ. 

ʄʝʪʦʜʦʣʦʛʠʷ. ʆʧʪʠʤʠʟʘʮʠʷ ʚʳʧʦʣʥʷʝʪʩʷ ʢʘʢ ʢʦʥʚʝʡʝʨ ʠʟ ʧʷʪʠ ʵʪʘʧʦʚ. ʂʘʞʜʳʡ ʵʪʘʧ 

ʧʨʠʤʝʥʷʝʪ ʫʩʪʘʥʦʚʣʝʥʥʳʡ ʥʘʫʯʥʳʡ ʤʝʪʦʜ, ʜʘʸʪ ʢʦʣʠʯʝʩʪʚʝʥʥʫʶ ʦʮʝʥʢʫ ʠʟʙʳʪʦʯʥʦʩʪʠ ʠ 

ʥʘʮʝʣʝʥ ʥʘ ʢʦʥʢʨʝʪʥʳʝ ʩʣʘʛʘʝʤʳʝ ʟʘʪʨʘʪ ʫʨʘʚʥʝʥʠʷ (1). ʊʘʙʣʠʮʘ 1 ʦʙʦʙʱʘʝʪ ʫʨʦʚʥʠ, 

ʤʝʪʦʜʳ, ʠʥʩʪʨʫʤʝʥʪʳ ʠ ʚʳʷʚʣʝʥʥʫʶ ʠʟʙʳʪʦʯʥʦʩʪʴ. 

ʕʪʘʧ 1. ʇʨʦʬʠʣʠʨʦʚʘʥʠʝ ʠ ʜʝʜʫʧʣʠʢʘʮʠʷ ʜʘʥʥʳʭ 

ʇʨʦʬʠʣʠʨʦʚʘʥʠʝ ʥʘ ʫʨʦʚʥʷʭ ʩʪʦʣʙʮʦʚ, ʜʦʤʝʥʦʚ ʠ ʟʘʚʠʩʠʤʦʩʪʝʡ ʭʘʨʘʢʪʝʨʠʟʫʝʪ 

ʢʘʞʜʳʡ ʠʩʪʦʯʥʠʢ ʜʘʥʥʳʭ ʠ ʚʳʷʚʣʷʝʪ ʢʘʥʜʠʜʘʪʦʚ ʚ ʜʫʙʣʠʢʘʪʳ. ʊʦʯʥʳʝ ʜʫʙʣʠʢʘʪʳ 

ʦʙʥʘʨʫʞʠʚʘʶʪʩʷ ʭʝʰʠʨʦʚʘʥʠʝʤ ʦʪʧʝʯʘʪʢʦʚ: ʜʣʷ ʟʘʧʠʩʠ r ʚʳʯʠʩʣʷʝʪʩʷ ʭʝʰ h(r) ʧʦ 

ʥʦʨʤʘʣʠʟʦʚʘʥʥʳʤ ʢʣʶʯʝʚʳʤ ʘʪʨʠʙʫʪʘʤ, ʪʘʢ ʯʪʦ ʨʘʚʥʳʝ ʦʪʧʝʯʘʪʢʠ ʦʟʥʘʯʘʶʪ ʪʦʯʥʳʝ 

ʜʫʙʣʠʢʘʪʳ ʟʘ ʚʨʝʤʷ O(N ). ɹʣʠʟʢʠʝ ʜʫʙʣʠʢʘʪʳ ʨʘʟʨʝʰʘʶʪʩʷ ʥʝʯʸʪʢʠʤ ʩʦʧʦʩʪʘʚʣʝʥʠʝʤ: ʧʘʨʘ 

(r i, rj) ʧʦʤʝʯʘʝʪʩʷ, ʢʦʛʜʘ ʤʝʨʘ ʩʭʦʜʩʪʚʘ sim(r i, rj) Ó Ű ; ʙʣʦʢʠʨʦʚʘʥʠʝ ʫʜʝʨʞʠʚʘʝʪ ʩʪʦʠʤʦʩʪʴ 

ʩʨʘʚʥʝʥʠʷ ʩʫʱʝʩʪʚʝʥʥʦ ʥʠʞʝ ʥʘʠʚʥʦʡ O(N 2). ʕʪʦʪ ʵʪʘʧ ʚ ʧʝʨʚʫʶ ʦʯʝʨʝʜʴ ʩʥʠʞʘʝʪ ɟD ʠ 

ʟʘʪʨʘʪʳ ʥʘ ʫʧʨʘʚʣʝʥʠʝ ʜʘʥʥʳʤʠ cgov. 

ʕʪʘʧ 2. ʄʘʰʠʥʥʦʝ ʦʙʫʯʝʥʠʝ ʠ ʩʝʤʘʥʪʠʯʝʩʢʘʷ ʜʝʜʫʧʣʠʢʘʮʠʷ 

ʊʝʢʩʪʦʚʳʝ ʠ ʩʣʘʙʦʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʝ ʧʦʣʷ ʚʝʢʪʦʨʠʟʫʶʪʩʷ ʨʘʩʧʨʝʜʝʣʸʥʥʳʤʠ 

ʵʤʙʝʜʜʠʥʛʘʤʠ (Word2Vec, BERT) ʠ ʛʨʫʧʧʠʨʫʶʪʩʷ ʢʣʘʩʪʝʨʠʟʘʮʠʝʡ (k-means, DBSCAN); 

ʧʣʦʪʥʳʝ ʢʣʘʩʪʝʨʳ ʚʳʷʚʣʷʶʪ ʩʝʤʘʥʪʠʯʝʩʢʠ ʜʫʙʣʠʨʫʶʱʠʝʩʷ ʩʫʱʥʦʩʪʠ, ʫʩʢʦʣʴʟʘʶʱʠʝ ʦʪ 

ʪʦʯʥʦʛʦ ʩʦʧʦʩʪʘʚʣʝʥʠʷ. ʕʪʦʪ ʵʪʘʧ ʜʦʧʦʣʥʠʪʝʣʴʥʦ ʩʥʠʞʘʝʪ ɟD ʜʣʷ ʥʝʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʳʭ 

ʜʘʥʥʳʭ. 

ʕʪʘʧ 3. ɸʥʘʣʠʟ ʧʨʦʠʩʭʦʞʜʝʥʠʷ ʜʘʥʥʳʭ ʠ ʧʨʦʮʝʩʩʦʚ 

ɻʨʘʬ ʧʨʦʠʩʭʦʞʜʝʥʠʷ ʜʘʥʥʳʭ G = (V, E) ʥʘʜ ʠʩʪʦʯʥʠʢʘʤʠ, ETL-ʟʘʜʘʥʠʷʤʠ ʠ 

ʧʨʠʸʤʥʠʢʘʤʠ ʘʥʘʣʠʟʠʨʫʝʪʩʷ ʛʨʘʬʦʚʳʤʠ ʘʣʛʦʨʠʪʤʘʤʠ (ʦʙʥʘʨʫʞʝʥʠʝ ʧʝʨʝʩʝʯʝʥʠʡ ʠ ʮʠʢʣʦʚ) 

ʚʤʝʩʪʝ ʩ ʧʨʦʚʝʨʢʦʡ SQL/ETL ʜʣʷ ʚʳʷʚʣʝʥʠʷ ʜʫʙʣʠʨʫʶʱʠʭʩʷ ʧʫʪʝʡ ʪʨʘʥʩʬʦʨʤʘʮʠʠ. 

ʇʘʨʘʣʣʝʣʴʥʦ ʘʥʘʣʠʟ BPMN/process mining ʚʳʷʚʣʷʝʪ ʜʫʙʣʠʨʫʶʱʠʝʩʷ ʘʢʪʠʚʥʦʩʪʠ (ɟP ). ʕʪʦʪ 

ʵʪʘʧ ʩʥʠʞʘʝʪ ʟʘʪʨʘʪʳ ʥʘ ʠʥʪʝʛʨʘʮʠʶ cint. 

ʕʪʘʧ 4. ʀʟʙʳʪʦʯʥʦʩʪʴ ʢʦʜʘ ʠ ʩʝʨʚʠʩʦʚ 

ʉʪʘʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ ʢʣʦʥʦʚ (ʪʠʧʳ 1ï3) ʢʦʣʠʯʝʩʪʚʝʥʥʦ ʦʮʝʥʠʚʘʝʪ ɟC ʧʦ ʬʫʥʢʮʠʷʤ, 

ʢʣʘʩʩʘʤ ʠ ʤʦʜʫʣʷʤ, ʘ ʪʝʣʝʤʝʪʨʠʷ service mesh ʚʳʷʚʣʷʝʪ ʬʫʥʢʮʠʦʥʘʣʴʥʦ ʧʝʨʝʩʝʢʘʶʱʠʝʩʷ 

ʤʠʢʨʦʩʝʨʚʠʩʳ. ʆʙʘ ʩʥʠʞʘʶʪ ʟʘʪʨʘʪʳ ʥʘ ʩʦʧʨʦʚʦʞʜʝʥʠʝ csup. 

ʕʪʘʧ 5. ʅʦʨʤʘʣʠʟʘʮʠʷ ʠ ʢʦʥʩʦʣʠʜʘʮʠʷ 

ʂʦʥʩʦʣʠʜʠʨʦʚʘʥʥʘʷ ʩʭʝʤʘ ʧʨʠʚʦʜʠʪʩʷ ʢ ʪʨʝʪʴʝʡ ʥʦʨʤʘʣʴʥʦʡ ʬʦʨʤʝ ʠ ʥʦʨʤʘʣʴʥʦʡ 
ʬʦʨʤʝ ɹʦʡʩʘïʂʦʜʜʘ [1], ʫʩʪʨʘʥʷʷ ʯʘʩʪʠʯʥʳʝ ʠ ʪʨʘʥʟʠʪʠʚʥʳʝ ʟʘʚʠʩʠʤʦʩʪʠ ʠ ʩʚʷʟʘʥʥʳʝ ʩ 
ʥʠʤʠ ʘʥʦʤʘʣʠʠ ʦʙʥʦʚʣʝʥʠʷ ʠ ʠʟʙʳʪʦʯʥʦʩʪʴ ʭʨʘʥʝʥʠʷ. ʉʦʟʜʘʸʪʩʷ ʝʜʠʥʳʡ ʨʝʧʦʟʠʪʦʨʠʡ 
ʥʦʨʤʘʪʠʚʥʦ-ʩʧʨʘʚʦʯʥʦʡ ʠʥʬʦʨʤʘʮʠʠ (ʅʉʀ), ʘ ʝʜʠʥʘʷ ʤʦʜʫʣʴʥʘʷ ERP-ʧʣʘʪʬʦʨʤʘ, 

ʧʦʢʨʳʚʘʶʱʘʷ F ,֚ ʟʘʤʝʥʷʝʪ ʠʟʙʳʪʦʯʥʳʝ ʩʠʩʪʝʤʳ, ʨʝʘʣʠʟʫʷ ʧʦʢʨʳʪʠʝ ʤʠʥʠʤʘʣʴʥʦʡ 

ʩʪʦʠʤʦʩʪʠ ʠʟ ʫʨʘʚʥʝʥʠʷ (5). 
ʈʝʟʫʣʴʪʘʪʳ ʠ ʦʙʩʫʞʜʝʥʠʝ. ʄʝʪʦʜʦʣʦʛʠʷ ʘʧʨʦʙʠʨʦʚʘʥʘ ʥʘ ʧʨʝʜʧʨʠʷʪʠʠ 

ʦʨʛʘʥʠʯʝʩʢʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ (50ï500 ʩʦʪʨʫʜʥʠʢʦʚ), ʀʊ-ʙʶʜʞʝʪ ʢʦʪʦʨʦʛʦ ʨʘʩʧʨʝʜʝʣʷʣʩʷ 

ʧʨʠʙʣʠʟʠʪʝʣʴʥʦ ʢʘʢ ERP 25ï35%, ʠʥʪʝʛʨʘʮʠʷ 15ï25%, CRM 10ï20%, ʙʫʭʛʘʣʪʝʨʠʷ 10ï15%, ʘ 

ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪ, HRM ʠ BI ð ʧʦ 5ï10% ʢʘʞʜʳʡ, ʪʘʢ ʯʪʦ ʫʩʪʨʘʥʠʤʳʝ ʟʘʪʨʘʪʳ 

ʦʧʨʝʜʝʣʷʶʪʩʷ ʚ ʦʩʥʦʚʥʦʤ ʜʫʙʣʠʨʫʶʱʠʤʠʩʷ ʬʫʥʢʮʠʷʤʠ ʠ ʭʨʫʧʢʦʡ ʠʥʪʝʛʨʘʮʠʝʡ çʪʦʯʢʘï 

ʪʦʯʢʘè. 
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ʇʨʠʤʝʥʝʥʠʝ ɻ ʪʘʧʦʚ 1ï4 ʚʳʷʚʠʣʦ ʠʟʙʳʪʦʯʥʦʩʪʴ 5ï15% ʥʘ ʯʝʪʳʨʸʭ ʫʨʦʚʥʷʭ (ʪʘʙʣʠʮʘ 1). 

ʕʪʘʧ 5 ʢʦʥʩʦʣʠʜʠʨʦʚʘʣ ʧʷʪʴ ʨʘʥʝʝ ʨʘʟʨʦʟʥʝʥʥʳʭ ʩʠʩʪʝʤ (CRM, HRM, BI, ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪ 

ʠ ʠʥʪʝʛʨʘʮʠʶ ʩ ʙʫʭʛʘʣʪʝʨʠʝʡ) ʚ ʝʜʠʥʫʶ ʤʦʜʫʣʴʥʫʶ ERP-ʧʣʘʪʬʦʨʤʫ. ʇʨʝʜʧʦʩʳʣʢʦʡ ʙʳʣ 

ʚʳʙʦʨ ʧʣʘʪʬʦʨʤʳ ʢʦʥʩʦʣʠʜʘʮʠʠ. ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ (ʪʘʙʣʠʮʘ 2) ʧʦʢʘʟʘʣ, ʯʪʦ ʤʦʜʫʣʴʥʘʷ 

ERP ʩ ʦʪʢʨʳʪʳʤ ʢʦʜʦʤ ʤʠʥʠʤʠʟʠʨʫʝʪ ʟʘʚʠʩʠʤʦʩʪʴ ʦʪ ʚʝʥʜʦʨʘ ʠ TCO, ʩʦʭʨʘʥʷʷ 

ʬʫʥʢʮʠʦʥʘʣʴʥʦʝ ʧʦʢʨʳʪʠʝ, ʪʨʝʙʫʝʤʦʝ ʫʨʘʚʥʝʥʠʝʤ (5), ʯʪʦ ʜʝʣʘʝʪ ʝ yʤʠʥʠʤʠʟʠʨʫʶʱʝʡ 

ʟʘʪʨʘʪʳ ʩʠʩʪʝʤʦʡ s0 ʜʣʷ ʩʨʝʜʥʝʛʦ ʦʨʛʘʥʠʯʝʩʢʦʛʦ ʧʨʦʠʟʚʦʜʠʪʝʣʷ. 

 

ʊʘʙʣʠʮʘ 2: ʉʨʘʚʥʠʪʝʣʴʥʘʷ ʦʮʝʥʢʘ ERP-ʧʣʘʪʬʦʨʤ ʧʦ ʢʨʠʪʝʨʠʷʤ ʦʧʪʠʤʠʟʘʮʠʠ. 

 

ʂʨʠʪʝʨʠʡ Odoo SAP B1 1ʉ:ʇʨʝʜʧʨʠʷʪʠʝ MS Dynamics 365 

ʄʦʜʝʣʴ ʢʦʜʘ ʆʪʢʨʳʪʳʡ ʢʦʜ ʇʨʦʧʨʠʝʪʘʨʥʘʷ ʇʨʦʧʨʠʝʪʘʨʥʘʷ ʇʨʦʧʨʠʝʪʘʨʥʘʷ 

ʆʪʥʦʩʠʪʝʣʴʥʳʡ 

TCO 

ʅʠʟʢʠʡ ɺʳʩʦʢʠʡ ʉʨʝʜʥʠʡ ɺʳʩʦʢʠʡ 

ʄʦʜʫʣʴʥʦʩʪʴ ɺʳʩʦʢʘʷ ʉʨʝʜʥʷʷ ʉʨʝʜʥʷʷ ɺʳʩʦʢʘʷ 

ʂʘʩʪʦʤʠʟʘʮʠʷ ɺʳʩʦʢʘʷ ʉʨʝʜʥʷʷ ʉʨʝʜʥʷʷ ʉʨʝʜʥʷʷ 

ʈʘʟʚʸʨʪʳʚʘʥʠʝ ʆʙʣʘʢʦ / ʣʦʢʘʣʴʥʦ ʃʦʢʘʣʴʥʦ / ʦʙʣʘʢʦ ʃʦʢʘʣʴʥʦ (ʦʙʣʘʢʦ 

ʦʛʨʘʥʠʯ.) 

ʆʙʣʘʢʦ ʚ 
ʧʨʠʦʨʠʪʝʪʝ 

ʀʥʪʝʛʨʘʮʠʷ / API ʆʪʢʨʳʪʘʷ, ʰʠʨʦʢʘʷ ʋʤʝʨʝʥʥʘʷ ʋʤʝʨʝʥʥʘʷ ʐʠʨʦʢʘʷ 

 

ʂʦʥʩʦʣʠʜʘʮʠʷ ʜʘʣʘ ʩʣʝʜʫʶʱʠʝ ʠʟʤʝʨʝʥʥʳʝ ʵʬʬʝʢʪʳ. ʕʢʩʧʣʫʘʪʘʮʠʦʥʥʳʝ ʟʘʪʨʘʪʳ 

ʩʥʠʟʠʣʠʩʴ ʥʘ 35% ʟʘ ʩʯʸʪ ʫʩʪʨʘʥʝʥʠʷ ʜʫʙʣʠʨʫʶʱʠʭ ʣʠʮʝʥʟʠʡ; ʥʦʨʤʘʣʠʟʘʮʠʷ ʩʭʝʤʳ 

(3ʅʌ/ʅʌɹʂ) ʠ ʦʧʪʠʤʠʟʘʮʠʷ ETL ʩʦʢʨʘʪʠʣʠ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʥʘ 40%; ʮʠʢʣ 

ʧʦʜʛʦʪʦʚʢʠ ʦʪʯʸʪʥʦʩʪʠ ʩʦʢʨʘʪʠʣʩʷ ʩ ʪʨʸʭ ʜʥʝʡ ʧʨʠʤʝʨʥʦ ʜʦ ʯʝʪʳʨʸʭ ʯʘʩʦʚ ʙʣʘʛʦʜʘʨʷ 

ʚʩʪʨʦʝʥʥʦʡ ʘʚʪʦʤʘʪʠʟʘʮʠʠ BI. ʉ ʫʯʸʪʦʤ ʜʦʧʦʣʥʠʪʝʣʴʥʳʭ ʟʘʪʨʘʪ ʥʘ ʩʦʧʨʦʚʦʞʜʝʥʠʝ ʚʥʦʚʴ 

ʚʚʝʜʸʥʥʳʭ ʤʦʜʫʣʝʡ ʧʣʘʪʬʦʨʤʳ ʯʠʩʪʦʝ ʩʥʠʞʝʥʠʝ ʨʘʩʭʦʜʦʚ ʥʘ ʀʉ ʩʦʩʪʘʚʠʣʦ ʦʢʦʣʦ 36%, ʧʨʠ 

ʜʦʧʦʣʥʠʪʝʣʴʥʦʡ ʵʢʦʥʦʤʠʠ 10% ʫʩʠʣʠʡ ʥʘ ʫʧʨʘʚʣʝʥʠʝ ʜʘʥʥʳʤʠ. 

ʕʢʦʥʦʤʠʯʝʩʢʠʡ ʵʬʬʝʢʪ ʢʦʣʠʯʝʩʪʚʝʥʥʦ ʧʨʝʜʩʪʘʚʣʝʥ ʚ ʪʘʙʣʠʮʝ 3 ʜʣʷ ʚʥʦʚʴ 

ʩʦʟʜʘʚʘʝʤʦʛʦ ʮʝʥʪʨʘ ʥʘ 50 ʧʦʣʴʟʦʚʘʪʝʣʝʡ. ɹʘʟʦʚʳʡ ʤʫʣʴʪʠʚʝʥʜʦʨʥʳʡ ʩʪʝʢ ʩʪʦʠʪ ʦʢʦʣʦ 3 

150 000 KZT ʚ ʛʦʜ, ʪʦʛʜʘ ʢʘʢ ʢʦʥʩʦʣʠʜʠʨʦʚʘʥʥʳʡ ʩʪʝʢ ʥʘ ʦʩʥʦʚʝ ʧʣʘʪʬʦʨʤʳ (ERP ʩ 

ʵʣʝʢʪʨʦʥʥʳʤ ʜʦʢʫʤʝʥʪʦʦʙʦʨʦʪʦʤ, CRM, HRM ʠ BI) ð ʦʢʦʣʦ 2 025 000 KZT, ʪʦ ʝʩʪʴ æC = 

1 125 000 KZT, ʯʪʦ ʜʘʸʪ ʦʪʥʦʩʠʪʝʣʴʥʫʶ ʵʢʦʥʦʤʠʶ æC/C(S) å 35,7%, ʩʦʛʣʘʩʫʶʱʫʶʩʷ ʩ 

ʤʦʜʝʣʴʶ ʨʘʟʜʝʣʘ 3. 

 

ʆʙʩʫʞʜʝʥʠʝ. ʂʘʞʜʘʷ ʚʳʷʚʣʝʥʥʘʷ ʠʟʙʳʪʦʯʥʦʩʪʴ ʚ ʪʘʙʣʠʮʝ 1 ʧʨʷʤʦ ʩʦʦʪʚʝʪʩʪʚʫʝʪ 

ʫʩʪʨʘʥʠʤʦʤʫ ʩʣʘʛʘʝʤʦʤʫ ʚ ʫʨʘʚʥʝʥʠʠ (1): ʜʫʙʣʠʨʫʶʱʠʝʩʷ ʟʘʧʠʩʠ ʠ ʜʝʥʦʨʤʘʣʠʟʦʚʘʥʥʳʝ 

ʩʭʝʤʳ ʟʘʚʳʰʘʶʪ cgov; ʧʝʨʝʩʝʢʘʶʱʠʝʩʷ ʧʫʪʠ ETL ʠ ʩʚʷʟʠ çʪʦʯʢʘïʪʦʯʢʘè ʟʘʚʳʰʘʶʪ cint; 

ʢʣʦʥʳ ʢʦʜʘ ʠ ʧʝʨʝʩʝʢʘʶʱʠʝʩʷ ʩʝʨʚʠʩʳ ʟʘʚʳʰʘʶʪ csup; ʜʫʙʣʠʨʫʶʱʠʝ ʣʠʮʝʥʟʠʠ ʟʘʚʳʰʘʶʪ cli 
c. ʀʭ ʫʩʪʨʘʥʝʥʠʝ ʧʨʠʙʣʠʞʘʝʪ ʣʘʥʜʰʘʬʪ ʢ ʧʦʢʨʳʪʠʶ ʤʠʥʠʤʘʣʴʥʦʡ ʩʪʦʠʤʦʩʪʠ S֚ . ʈʝʟʫʣʴʪʘʪʳ 

ʧʦʜʚʝʨʞʝʥʳ ʫʛʨʦʟʘʤ ʚʘʣʠʜʥʦʩʪʠ: ʦʥʠ ʧʦʣʫʯʝʥʳ ʥʘ ʦʜʥʦʤ ʧʨʝʜʧʨʠʷʪʠʠ; ʜʝʥʝʞʥʳʝ 
ʧʦʢʘʟʘʪʝʣʠ ʦʨʠʝʥʪʠʨʦʚʦʯʥʳ ʠ ʟʘʚʠʩʷʪ ʦʪ ʣʦʢʘʣʴʥʳʭ ʮʝʥ; ʦʮʝʥʢʠ ʠʟʙʳʪʦʯʥʦʩʪʠ ʷʚʣʷʶʪʩʷ 

ʩʪʘʪʠʯʝʩʢʠʤ ʩʨʝʟʦʤ. ʊʝʤ ʥʝ ʤʝʥʝʝ ʩʦʛʣʘʩʦʚʘʥʥʦʩʪʴ ʤʝʞʜʫ ʧʨʝʜʩʢʘʟʘʥʥʦʡ ʤʦʜʝʣʴʶ 

ʵʢʦʥʦʤʠʝʡ ʠ ʥʘʙʣʶʜʘʝʤʳʤ ʩʥʠʞʝʥʠʝʤ å 36% ʧʦʜʪʚʝʨʞʜʘʝʪ ʧʨʘʢʪʠʯʝʩʢʫʶ ʮʝʥʥʦʩʪʴ 

ʧʦʜʭʦʜʘ. 

 

ʊʘʙʣʠʮʘ 3: ʆʨʠʝʥʪʠʨʦʚʦʯʥʘʷ ʛʦʜʦʚʘʷ ʩʪʦʠʤʦʩʪʴ ʀʉ ʜʣʷ ʮʝʥʪʨʘ ʥʘ 50 ʧʦʣʴʟʦʚʘʪʝʣʝʡ (KZT). 
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ʂʦʥʬʠʛʫʨʘʮʠʷ ɻʦʜʦʚʘʷ ʩʪʦʠʤʦʩʪʴ 

ɹʘʟʦʚʳʡ ʤʫʣʴʪʠʚʝʥʜʦʨʥʳʡ ʩʪʝʢ (1ʉ + ʕɼʆ + CRM + 

HRM + BI) 

3 150 000 

ʂʦʥʩʦʣʠʜʠʨʦʚʘʥʥʘʷ ʧʣʘʪʬʦʨʤʘ (ERP + ʕɼʆ + CRM + 

HRM + BI) 

2 025 000 

ʉʦʢʨʘʱʝʥʠʝ æC 1 125 000 (35,7%) 

 

ɿʘʢʣʶʯʝʥʠʝ. ɺ ʨʘʙʦʪʝ ʦʧʪʠʤʠʟʘʮʠʷ ʟʘʪʨʘʪ ʧʨʠ ʩʦʟʜʘʥʠʠ ʠ ʨʘʟʚʠʪʠʠ ʦʧʪʠʤʘʣʴʥʳʭ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ ʩʬʦʨʤʫʣʠʨʦʚʘʥʘ ʢʘʢ ʷʚʥʘʷ ʟʘʜʘʯʘ ʤʠʥʠʤʠʟʘʮʠʠ ʩ ʦʛʨʘʥʠʯʝʥʠʷʤʠ 

ʠ ʧʨʝʜʣʦʞʝʥʘ ʚʦʩʧʨʦʠʟʚʦʜʠʤʘʷ ʤʝʪʦʜʦʣʦʛʠʷ ʝʸ ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʨʝʰʝʥʠʷ. ʌʦʨʤʘʣʴʥʳʡ 

ʚʢʣʘʜ ð ʤʦʜʝʣʴ TCO ʩ ʤʝʪʨʠʢʘʤʠ ʠʟʙʳʪʦʯʥʦʩʪʠ ʫʨʦʚʥʝʡ ʜʘʥʥʳʭ, ʢʦʜʘ ʠ ʧʨʦʮʝʩʩʦʚ ʚʤʝʩʪʝ 

ʩ ʬʦʨʤʫʣʠʨʦʚʢʦʡ ʦ ʧʦʢʨʳʪʠʠ ʤʥʦʞʝʩʪʚʘ (ʫʨʘʚʥʝʥʠʝ 5), ʢʦʪʦʨʘʷ ʦʧʨʝʜʝʣʷʝʪ ʦʧʪʠʤʘʣʴʥʫʶ 

ʀʉ ʢʘʢ ʧʦʢʨʳʪʠʝ ʬʫʥʢʮʠʡ ʤʠʥʠʤʘʣʴʥʦʡ ʩʪʦʠʤʦʩʪʠ ʠ ʫʢʘʟʳʚʘʝʪ ʠʟʙʳʪʦʯʥʦʩʪʴ ʢʘʢ 

ʜʝʡʩʪʚʝʥʥʳʡ ʩʠʛʥʘʣ ʜʣʷ ʚʳʚʦʜʘ ʩʠʩʪʝʤ. ʄʝʪʦʜʦʣʦʛʠʯʝʩʢʠʡ ʚʢʣʘʜ ð ʢʦʥʚʝʡʝʨ ʠʟ ʧʷʪʠ 

ʵʪʘʧʦʚ, ʧʨʠʤʝʥʷʶʱʠʡ ʫʩʪʘʥʦʚʣʝʥʥʳʝ ʥʘʫʯʥʳʝ ʤʝʪʦʜʳ (ʧʨʦʬʠʣʠʨʦʚʘʥʠʝ ʩ ʜʝʜʫʧʣʠʢʘʮʠʝʡ 

ʥʘ ʦʩʥʦʚʝ ʭʝʰʠʨʦʚʘʥʠʷ ʠ ʥʝʯʸʪʢʦʛʦ ʩʦʧʦʩʪʘʚʣʝʥʠʷ, ʢʣʘʩʪʝʨʠʟʘʮʠʶ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʩ 

ʩʝʤʘʥʪʠʯʝʩʢʠʤʠ ʵʤʙʝʜʜʠʥʛʘʤʠ, ʘʥʘʣʠʟ ʧʨʦʠʩʭʦʞʜʝʥʠʷ ʠ BPMN-ʧʨʦʮʝʩʩʦʚ, ʩʪʘʪʠʯʝʩʢʠʡ 

ʘʥʘʣʠʟ ʢʣʦʥʦʚ ʠ service mesh, ʨʝʣʷʮʠʦʥʥʫʶ ʥʦʨʤʘʣʠʟʘʮʠʶ), ʢʘʞʜʳʡ ʠʟ ʢʦʪʦʨʳʭ 

ʩʦʧʦʩʪʘʚʣʝʥ ʢʦʥʢʨʝʪʥʦʤʫ ʩʣʘʛʘʝʤʦʤʫ ʟʘʪʨʘʪ. 

ʕʤʧʠʨʠʯʝʩʢʠ ʤʝʪʦʜʦʣʦʛʠʷ ʚʳʷʚʠʣʘ 5ï15% ʠʟʙʳʪʦʯʥʦʩʪʠ ʥʘ ʫʨʦʚʥʷʭ ʜʘʥʥʳʭ, ʢʦʜʘ, 

ʩʝʨʚʠʩʦʚ ʠ ʧʨʦʮʝʩʩʦʚ ʠ ʟʘ ʩʯʸʪ ʢʦʥʩʦʣʠʜʘʮʠʠ ʥʘ ʝʜʠʥʦʡ ʤʦʜʫʣʴʥʦʡ ʧʣʘʪʬʦʨʤʝ ʩʥʠʟʠʣʘ 

ʛʦʜʦʚʳʝ ʵʢʩʧʣʫʘʪʘʮʠʦʥʥʳʝ ʟʘʪʨʘʪʳ ʥʘ ʀʉ ʧʨʠʤʝʨʥʦ ʥʘ 36%, ʩʦʢʨʘʪʠʣʘ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ 

ʜʘʥʥʳʭ ʥʘ 40% ʠ ʫʤʝʥʴʰʠʣʘ ʦʪʯʸʪʥʦʩʪʴ ʩ ʪʨʸʭ ʜʥʝʡ ʜʦ ʯʝʪʳʨʸʭ ʯʘʩʦʚ; ʥʘʙʣʶʜʘʝʤʘʷ 

ʵʢʦʥʦʤʠʷ ʩʦʛʣʘʩʫʝʪʩʷ ʩ ʧʨʝʜʩʢʘʟʘʥʠʝʤ ʤʦʜʝʣʠ (æC/C(S) å 35,7%). ʇʦʤʠʤʦ ʢʝʡʩʘ, 

ʧʨʝʜʣʦʞʝʥʥʳʡ ʧʦʜʭʦʜ ʜʘʸʪ ʧʨʝʜʧʨʠʷʪʠʷʤ ð ʦʩʦʙʝʥʥʦ ʚ ʦʙʣʘʩʪʷʭ ʩ ʚʳʩʦʢʠʤʠ 

ʪʨʝʙʦʚʘʥʠʷʤʠ ʢ ʩʦʦʪʚʝʪʩʪʚʠʶ, ʪʘʢʠʭ ʢʘʢ ʦʨʛʘʥʠʯʝʩʢʦʝ ʧʨʦʠʟʚʦʜʩʪʚʦ, ð ʩʪʨʦʛʫʶ, 

ʠʥʩʪʨʫʤʝʥʪʘʣʴʥʦ ʧʦʜʜʝʨʞʘʥʥʫʶ ʧʨʦʮʝʜʫʨʫ ʩʚʷʟʳʚʘʥʠʷ ʨʝʰʝʥʠʡ ʧʦ ʧʨʦʝʢʪʠʨʦʚʘʥʠʶ ʀʉ ʩ 

ʠʟʤʝʨʠʤʳʤ ʢʨʠʪʝʨʠʝʤ ʟʘʪʨʘʪ, ʘ ʥʝ ʩ ʠʥʪʫʠʪʠʚʥʳʤʠ ʩʫʞʜʝʥʠʷʤʠ. ʆʩʥʦʚʥʳʝ ʦʛʨʘʥʠʯʝʥʠʷ 

ð ʘʧʨʦʙʘʮʠʷ ʥʘ ʦʜʥʦʤ ʢʝʡʩʝ, ʦʨʠʝʥʪʠʨʦʚʦʯʥʦʩʪʴ ʩʪʦʠʤʦʩʪʥʳʭ ʧʦʢʘʟʘʪʝʣʝʡ ʠ ʩʪʘʪʠʯʥʦʩʪʴ ʩ 

ʨʝʟʘ ʠʟʙʳʪʦʯʥʦʩʪʠ. ɺ ʜʘʣʴʥʝʡʰʝʤ ʧʣʘʥʠʨʫʝʪʩʷ ʧʦʣʥʘʷ ʩʢʚʦʟʥʘʷ ʘʚʪʦʤʘʪʠʟʘʮʠʷ ʢʦʥʚʝʡʝʨʘ 

ʚʳʷʚʣʝʥʠʷ ʠʟʙʳʪʦʯʥʦʩʪʠ, ʨʘʩʰʠʨʝʥʠʝ ʦʜʥʦʢʨʠʪʝʨʠʘʣʴʥʦʡ ʤʦʜʝʣʠ ʜʦ ʤʥʦʛʦʢʨʠʪʝʨʠʘʣʴʥʦʡ 

ʦʧʪʠʤʠʟʘʮʠʠ (ʟʘʪʨʘʪʳ ʧʨʦʪʠʚ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʠ ʧʨʦʪʠʚ ʩʦʦʪʚʝʪʩʪʚʠʷ), ʧʨʠʤʝʥʝʥʠʝ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʥʘʛʨʫʟʢʠ ʠ ʜʠʥʘʤʠʯʝʩʢʦʛʦ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʷ 

ʨʝʩʫʨʩʦʚ ʩ ʫʯʸʪʦʤ ʩʝʟʦʥʥʦʩʪʠ ʩʧʨʦʩʘ, ʭʘʨʘʢʪʝʨʥʦʡ ʜʣʷ ʦʨʛʘʥʠʯʝʩʢʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ, ʘ ʪʘʢʞʝ 

ʘʧʨʦʙʘʮʠʷ ʤʝʪʦʜʦʣʦʛʠʠ ʥʘ ʥʝʩʢʦʣʴʢʠʭ ʧʨʝʜʧʨʠʷʪʠʷʭ. 

 

ɹʣʘʛʦʜʘʨʥʦʩʪʴ. ʈʘʙʦʪʘ ʚʳʧʦʣʥʝʥʘ ʧʨʠ ʧʦʜʜʝʨʞʢʝ ʛʨʘʥʪʘ BR21882327 çʈʘʟʨʘʙʦʪʢʘ 

ʥʦʚʳʭ ʪʝʭʥʦʣʦʛʠʡ ʦʨʛʘʥʠʯʝʩʢʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ ʠ ʧʝʨʝʨʘʙʦʪʢʠ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʡ 

ʧʨʦʜʫʢʮʠʠè ʄʠʥʠʩʪʝʨʩʪʚʘ ʥʘʫʢʠ ʠ ʚʳʩʰʝʛʦ ʦʙʨʘʟʦʚʘʥʠʷ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʚ ʨʘʤʢʘʭ 

ʪʝʭʥʦʣʦʛʠʯʝʩʢʦʛʦ ʧʘʨʢʘ, ʩʦʟʜʘʥʥʦʛʦ ʥʘ ʙʘʟʝ ʂʘʟʘʭʩʢʦʛʦ ʘʛʨʦʪʝʭʥʠʯʝʩʢʦʛʦ 

ʠʩʩʣʝʜʦʚʘʪʝʣʴʩʢʦʛʦ ʫʥʠʚʝʨʩʠʪʝʪʘ ʠʤ. ʉ. ʉʝʡʬʫʣʣʠʥʘ. 
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ɸʥʥʦʪʘʮʠʷ. ɺ ʨʘʙʦʪʝ ʨʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʩʦʚʨʝʤʝʥʥʳʝ ʤʝʪʦʜʳ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ 

ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʪʝʭʥʦʣʦʛʠʡ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ. 

ʇʨʝʜʩʪʘʚʣʝʥ ʧʦʜʭʦʜ ʢ ʠʥʪʝʛʨʘʮʠʠ ʨʘʟʥʦʨʦʜʥʦʡ ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ ʥʘ ʦʩʥʦʚʝ ʦʥʪʦʣʦʛʠʡ, 

ʤʝʪʦʜʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠ ʪʝʭʥʦʣʦʛʠʡ ʦʙʨʘʙʦʪʢʠ ʙʦʣʴʰʠʭ ʜʘʥʥʳʭ. ʇʦʢʘʟʘʥʳ ʧʨʝʠʤʫʱʝʩʪʚʘ 

ʩʝʤʘʥʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ ʧʨʠ ʧʦʜʜʝʨʞʢʝ ʧʨʠʥʷʪʠʷ ʚʨʘʯʝʙʥʳʭ ʨʝʰʝʥʠʡ, ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʠ 

ʟʘʙʦʣʝʚʘʥʠʡ ʠ ʨʘʟʚʠʪʠʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʷ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʠʩʢʫʩʩʪʚʝʥʥʳʡ ʠʥʪʝʣʣʝʢʪ, ʩʝʤʘʥʪʠʯʝʩʢʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ, ʤʝʜʠʮʠʥʩʢʠʝ 

ʜʘʥʥʳʝ, ʦʥʪʦʣʦʛʠʠ, ʮʠʬʨʦʚʦʝ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ, ʤʘʰʠʥʥʦʝ ʦʙʫʯʝʥʠʝ. 

 

ɺʚʝʜʝʥʠʝ. ʉʦʚʨʝʤʝʥʥʦʝ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʝ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʠʥʪʝʥʩʠʚʥʳʤ ʨʦʩʪʦʤ 

ʦʙʲʝʤʦʚ ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ. ʕʣʝʢʪʨʦʥʥʳʝ ʤʝʜʠʮʠʥʩʢʠʝ ʢʘʨʪʳ, ʨʝʟʫʣʴʪʘʪʳ 

ʣʘʙʦʨʘʪʦʨʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ, ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʝ ʠʟʦʙʨʘʞʝʥʠʷ, ʜʘʥʥʳʝ ʥʦʩʠʤʳʭ ʫʩʪʨʦʡʩʪʚ ʠ 

ʪʝʣʝʤʝʜʠʮʠʥʩʢʠʭ ʧʣʘʪʬʦʨʤ ʬʦʨʤʠʨʫʶʪ ʙʦʣʴʰʠʝ ʤʘʩʩʠʚʳ ʜʘʥʥʳʭ, ʪʨʝʙʫʶʱʠʝ 

ʵʬʬʝʢʪʠʚʥʦʡ ʦʙʨʘʙʦʪʢʠ ʠ ʘʥʘʣʠʟʘ. ʊʨʘʜʠʮʠʦʥʥʳʝ ʤʝʪʦʜʳ ʭʨʘʥʝʥʠʷ ʠʥʬʦʨʤʘʮʠʠ 

ʧʦʟʚʦʣʷʶʪ ʩʦʭʨʘʥʷʪʴ ʜʘʥʥʳʝ, ʦʜʥʘʢʦ ʥʝ ʦʙʝʩʧʝʯʠʚʘʶʪ ʚʦʟʤʦʞʥʦʩʪʴ ʛʣʫʙʦʢʦʛʦ ʘʥʘʣʠʟʘ 

ʚʟʘʠʤʦʩʚʷʟʝʡ ʤʝʞʜʫ ʢʣʠʥʠʯʝʩʢʠʤʠ ʧʦʢʘʟʘʪʝʣʷʤʠ. ɺ ʩʚʷʟʠ ʩ ʵʪʠʤ ʦʩʦʙʦʝ ʟʥʘʯʝʥʠʝ 

ʧʨʠʦʙʨʝʪʘʶʪ ʤʝʪʦʜʳ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ, ʧʦʟʚʦʣʷʶʱʠʝ ʦʧʠʩʳʚʘʪʴ 

ʤʝʜʠʮʠʥʩʢʠʝ ʟʥʘʥʠʷ ʚ ʚʠʜʝ ʚʟʘʠʤʦʩʚʷʟʘʥʥʳʭ ʦʙʲʝʢʪʦʚ ʠ ʦʪʥʦʰʝʥʠʡ ʤʝʞʜʫ ʥʠʤʠ. 

ʈʘʟʚʠʪʠʝ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʟʥʘʯʠʪʝʣʴʥʦ ʨʘʩʰʠʨʠʣʦ ʚʦʟʤʦʞʥʦʩʪʠ ʘʥʘʣʠʟʘ 

ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ. ʉʦʚʨʝʤʝʥʥʳʝ ʘʣʛʦʨʠʪʤʳ ʩʧʦʩʦʙʥʳ ʚʳʷʚʣʷʪʴ ʩʢʨʳʪʳʝ 

ʟʘʢʦʥʦʤʝʨʥʦʩʪʠ, ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʪʝʯʝʥʠʝ ʟʘʙʦʣʝʚʘʥʠʡ ʠ ʬʦʨʤʠʨʦʚʘʪʴ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʣʷ 

ʩʧʝʮʠʘʣʠʩʪʦʚ. ʉʦʚʤʝʩʪʥʦʝ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʩʝʤʘʥʪʠʯʝʩʢʠʭ ʤʦʜʝʣʝʡ ʠ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ 

ʠʥʪʝʣʣʝʢʪʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʦʟʜʘʥʠʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʤʝʜʠʮʠʥʩʢʠʭ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ 

ʩʠʩʪʝʤ ʥʦʚʦʛʦ ʧʦʢʦʣʝʥʠʷ. 

 

ʉʝʤʘʥʪʠʯʝʩʢʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ. ʉʝʤʘʥʪʠʯʝʩʢʦʝ 

ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʩʧʦʩʦʙ ʩʪʨʫʢʪʫʨʠʨʦʚʘʥʥʦʛʦ ʦʧʠʩʘʥʠʷ ʟʥʘʥʠʡ 

ʧʨʝʜʤʝʪʥʦʡ ʦʙʣʘʩʪʠ. ʆʩʥʦʚʥʦʡ ʟʘʜʘʯʝʡ ʷʚʣʷʝʪʩʷ ʬʦʨʤʠʨʦʚʘʥʠʝ ʝʜʠʥʦʛʦ ʧʨʝʜʩʪʘʚʣʝʥʠʷ 

ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ ʥʝʟʘʚʠʩʠʤʦ ʦʪ ʠʩʪʦʯʥʠʢʘ ʝʝ ʧʨʦʠʩʭʦʞʜʝʥʠʷ. 

ɺ ʤʝʜʠʮʠʥʩʢʠʭ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤʘʭ ʠʩʧʦʣʴʟʫʶʪʩʷ ʨʘʟʣʠʯʥʳʝ ʢʣʘʩʩʠʬʠʢʘʪʦʨʳ 

ʟʘʙʦʣʝʚʘʥʠʡ, ʣʝʢʘʨʩʪʚʝʥʥʳʭ ʧʨʝʧʘʨʘʪʦʚ ʠ ʣʘʙʦʨʘʪʦʨʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ. ʇʨʠ ʦʪʩʫʪʩʪʚʠʠ 

ʝʜʠʥʳʭ ʧʨʘʚʠʣ ʧʨʝʜʩʪʘʚʣʝʥʠʷ ʠʥʬʦʨʤʘʮʠʠ ʚʦʟʥʠʢʘʶʪ ʩʣʦʞʥʦʩʪʠ ʧʨʠ ʦʙʤʝʥʝ ʜʘʥʥʳʤʠ 

ʤʝʞʜʫ ʫʯʨʝʞʜʝʥʠʷʤʠ. ʇʨʠʤʝʥʝʥʠʝ ʦʥʪʦʣʦʛʠʡ ʧʦʟʚʦʣʷʝʪ ʬʦʨʤʘʣʠʟʦʚʘʪʴ ʤʝʜʠʮʠʥʩʢʠʝ 

ʟʥʘʥʠʷ ʠ ʧʨʝʜʩʪʘʚʠʪʴ ʚʟʘʠʤʦʩʚʷʟʠ ʤʝʞʜʫ ʟʘʙʦʣʝʚʘʥʠʷʤʠ, ʩʠʤʧʪʦʤʘʤʠ, ʤʝʪʦʜʘʤʠ 

ʜʠʘʛʥʦʩʪʠʢʠ ʠ ʣʝʯʝʥʠʷ. ɹʣʘʛʦʜʘʨʷ ʵʪʦʤʫ ʩʪʘʥʦʚʠʪʩʷ ʚʦʟʤʦʞʥʦʡ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʘʷ 

ʦʙʨʘʙʦʪʢʘ ʠʥʬʦʨʤʘʮʠʠ ʠ ʘʚʪʦʤʘʪʠʯʝʩʢʦʝ ʧʦʩʪʨʦʝʥʠʝ ʣʦʛʠʯʝʩʢʠʭ ʚʳʚʦʜʦʚ. ʂʨʦʤʝ ʪʦʛʦ, 

ʩʝʤʘʥʪʠʯʝʩʢʠʝ ʪʝʭʥʦʣʦʛʠʠ ʦʙʝʩʧʝʯʠʚʘʶʪ ʩʦʚʤʝʩʪʠʤʦʩʪʴ ʜʘʥʥʳʭ ʨʘʟʣʠʯʥʳʭ 

ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ ʠ ʧʦʟʚʦʣʷʶʪ ʦʙʲʝʜʠʥʷʪʴ ʠʥʬʦʨʤʘʮʠʶ ʠʟ ʵʣʝʢʪʨʦʥʥʳʭ 

ʤʝʜʠʮʠʥʩʢʠʭ ʢʘʨʪ, ʣʘʙʦʨʘʪʦʨʥʳʭ ʢʦʤʧʣʝʢʩʦʚ ʠ ʩʠʩʪʝʤ ʜʠʩʪʘʥʮʠʦʥʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ 

ʧʘʮʠʝʥʪʦʚ. 
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ʀʩʢʫʩʩʪʚʝʥʥʳʡ ʠʥʪʝʣʣʝʢʪ ʚ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʠ. ɸʣʛʦʨʠʪʤʳ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ 

ʠʥʪʝʣʣʝʢʪʘ ʫʩʧʝʰʥʦ ʧʨʠʤʝʥʷʶʪʩʷ ʧʨʘʢʪʠʯʝʩʢʠ ʥʘ ʚʩʝʭ ʵʪʘʧʘʭ ʦʢʘʟʘʥʠʷ ʤʝʜʠʮʠʥʩʢʦʡ 

ʧʦʤʦʱʠ. 

ʄʝʪʦʜʳ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʠʩʧʦʣʴʟʫʶʪʩʷ ʜʣʷ: 

ṉ ʘʚʪʦʤʘʪʠʯʝʩʢʦʛʦ ʨʘʩʧʦʟʥʘʚʘʥʠʷ ʧʘʪʦʣʦʛʠʡ ʥʘ ʤʝʜʠʮʠʥʩʢʠʭ ʠʟʦʙʨʘʞʝʥʠʷʭ; 

ṉ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʦʩʣʦʞʥʝʥʠʡ; 

ṉ ʘʥʘʣʠʟʘ ʣʘʙʦʨʘʪʦʨʥʳʭ ʧʦʢʘʟʘʪʝʣʝʡ; 

ṉ ʦʮʝʥʢʠ ʨʠʩʢʘ ʨʘʟʚʠʪʠʷ ʭʨʦʥʠʯʝʩʢʠʭ ʟʘʙʦʣʝʚʘʥʠʡ; 

ṉ ʧʝʨʩʦʥʘʣʠʟʘʮʠʠ ʣʝʯʝʥʠʷ; 

ṉ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʚʨʘʯʝʙʥʳʭ ʨʝʰʝʥʠʡ. 

ʆʩʦʙʝʥʥʦ ʘʢʪʠʚʥʦ ʨʘʟʚʠʚʘʶʪʩʷ ʛʣʫʙʦʢʠʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ, ʧʦʟʚʦʣʷʶʱʠʝ 

ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʨʝʥʪʛʝʥʦʚʩʢʠʝ ʩʥʠʤʢʠ, ʢʦʤʧʴʶʪʝʨʥʫʶ ʪʦʤʦʛʨʘʬʠʶ, ʤʘʛʥʠʪʥʦ-ʨʝʟʦʥʘʥʩʥʫʶ 

ʪʦʤʦʛʨʘʬʠʶ ʠ ʜʨʫʛʠʝ ʚʠʜʳ ʤʝʜʠʮʠʥʩʢʠʭ ʠʟʦʙʨʘʞʝʥʠʡ. 

ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʧʦʟʚʦʣʷʝʪ ʩʫʱʝʩʪʚʝʥʥʦ ʩʥʠʟʠʪʴ 

ʚʝʨʦʷʪʥʦʩʪʴ ʜʠʘʛʥʦʩʪʠʯʝʩʢʠʭ ʦʰʠʙʦʢ ʠ ʩʦʢʨʘʪʠʪʴ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʤʝʜʠʮʠʥʩʢʦʡ 

ʠʥʬʦʨʤʘʮʠʠ. 

 

ʀʥʪʝʛʨʘʮʠʷ ʩʝʤʘʥʪʠʯʝʩʢʠʭ ʪʝʭʥʦʣʦʛʠʡ ʠ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ. 

ʅʘʠʙʦʣʴʰʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʢʦʤʧʣʝʢʩʥʦʝ ʧʨʠʤʝʥʝʥʠʝ ʩʝʤʘʥʪʠʯʝʩʢʠʭ 

ʤʦʜʝʣʝʡ ʠ ʤʝʪʦʜʦʚ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ. 

ʇʨʝʜʣʘʛʘʝʤʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʚʢʣʶʯʘʝʪ ʩʣʝʜʫʶʱʠʝ ɻ ʪʘʧʳ: 

1. ʉʙʦʨ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ. 

2. ʆʯʠʩʪʢʘ ʠ ʥʦʨʤʘʣʠʟʘʮʠʷ ʠʥʬʦʨʤʘʮʠʠ. 

3. ʉʝʤʘʥʪʠʯʝʩʢʦʝ ʦʧʠʩʘʥʠʝ ʦʙʲʝʢʪʦʚ. 

4. ʌʦʨʤʠʨʦʚʘʥʠʝ ʤʝʜʠʮʠʥʩʢʦʡ ʦʥʪʦʣʦʛʠʠ. 

5. ɸʥʘʣʠʟ ʜʘʥʥʳʭ ʘʣʛʦʨʠʪʤʘʤʠ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ. 

6. ɻʝʥʝʨʘʮʠʷ ʨʝʢʦʤʝʥʜʘʮʠʡ ʚʨʘʯʫ. 

7. ʆʙʥʦʚʣʝʥʠʝ ʙʘʟʳ ʟʥʘʥʠʡ. 

ʊʘʢʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ ʩʪʝʧʝʥʴ ʠʥʪʝʨʦʧʝʨʘʙʝʣʴʥʦʩʪʠ ʤʝʜʠʮʠʥʩʢʠʭ 

ʜʘʥʥʳʭ ʠ ʧʦʟʚʦʣʷʝʪ ʠʩʧʦʣʴʟʦʚʘʪʴ ʥʘʢʦʧʣʝʥʥʳʝ ʟʥʘʥʠʷ ʧʨʠ ʜʠʘʛʥʦʩʪʠʢʝ ʥʦʚʳʭ ʧʘʮʠʝʥʪʦʚ. 

ʊʘʙʣʠʮʘ 1. ʆʩʥʦʚʥʳʝ ʬʫʥʢʮʠʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʩʠʩʪʝʤʳ 
ʕʪʘʧ ɺʳʧʦʣʥʷʝʤʳʝ ʬʫʥʢʮʠʠ 

ʉʙʦʨ ʜʘʥʥʳʭ 
ʇʦʣʫʯʝʥʠʝ ʠʥʬʦʨʤʘʮʠʠ ʠʟ ʨʘʟʣʠʯʥʳʭ 

ʠʩʪʦʯʥʠʢʦʚ 
ʇʨʝʜʚʘʨʠʪʝʣʴʥʘʷ ʦʙʨʘʙʦʪʢʘ ʆʯʠʩʪʢʘ ʠ ʩʪʘʥʜʘʨʪʠʟʘʮʠʷ ʜʘʥʥʳʭ 

ʉʝʤʘʥʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ ʇʦʩʪʨʦʝʥʠʝ ʦʥʪʦʣʦʛʠʠ 

ɸʥʘʣʠʟ ʀʀ ʂʣʘʩʩʠʬʠʢʘʮʠʷ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ 

ʇʦʜʜʝʨʞʢʘ ʨʝʰʝʥʠʡ ʌʦʨʤʠʨʦʚʘʥʠʝ ʨʝʢʦʤʝʥʜʘʮʠʡ ʚʨʘʯʫ 

 

ʇʨʝʠʤʫʱʝʩʪʚʘ ʧʨʝʜʣʦʞʝʥʥʦʛʦ ʧʦʜʭʦʜʘ. ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ 

ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʩʦʚʤʝʩʪʥʦ ʩ ʠʩʢʫʩʩʪʚʝʥʥʳʤ ʠʥʪʝʣʣʝʢʪʦʤ ʦʙʝʩʧʝʯʠʚʘʝʪ: 

ṉ ʧʦʚʳʰʝʥʠʝ ʪʦʯʥʦʩʪʠ ʜʠʘʛʥʦʩʪʠʢʠ; 

ṉ ʩʥʠʞʝʥʠʝ ʢʦʣʠʯʝʩʪʚʘ ʚʨʘʯʝʙʥʳʭ ʦʰʠʙʦʢ; 

ṉ ʫʩʢʦʨʝʥʠʝ ʦʙʨʘʙʦʪʢʠ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ; 

ṉ ʘʚʪʦʤʘʪʠʟʘʮʠʶ ʘʥʘʣʠʟʘ ʙʦʣʴʰʠʭ ʤʘʩʩʠʚʦʚ ʠʥʬʦʨʤʘʮʠʠ; 

ṉ ʧʦʜʜʝʨʞʢʫ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ; 

ṉ ʫʣʫʯʰʝʥʠʝ ʢʘʯʝʩʪʚʘ ʤʝʜʠʮʠʥʩʢʦʛʦ ʦʙʩʣʫʞʠʚʘʥʠʷ; 

ṉ ʨʘʟʚʠʪʠʝ ʧʝʨʩʦʥʘʣʠʟʠʨʦʚʘʥʥʦʡ ʤʝʜʠʮʠʥʳ. 
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ɺ ʦʪʣʠʯʠʝ ʦʪ ʪʨʘʜʠʮʠʦʥʥʳʭ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʩʠʩʪʝʤ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʧʣʘʪʬʦʨʤʳ 

ʩʧʦʩʦʙʥʳ ʫʯʠʪʳʚʘʪʴ ʥʘʢʦʧʣʝʥʥʳʡ ʢʣʠʥʠʯʝʩʢʠʡ ʦʧʳʪ ʠ ʧʦʩʪʦʷʥʥʦ ʩʦʚʝʨʰʝʥʩʪʚʦʚʘʪʴ 

ʤʦʜʝʣʠ ʘʥʘʣʠʟʘ. 

 

ʇʝʨʩʧʝʢʪʠʚʳ ʨʘʟʚʠʪʠʷ. ɼʘʣʴʥʝʡʰʝʝ ʨʘʟʚʠʪʠʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʷ 

ʩʚʷʟʘʥʦ ʩ ʠʥʪʝʛʨʘʮʠʝʡ ʪʝʭʥʦʣʦʛʠʡ ʙʦʣʴʰʠʭ ʜʘʥʥʳʭ, ʀʥʪʝʨʥʝʪʘ ʤʝʜʠʮʠʥʩʢʠʭ ʚʝʱʝʡ (IoMT), 

ʦʙʣʘʯʥʳʭ ʚʳʯʠʩʣʝʥʠʡ ʠ ʛʝʥʝʨʘʪʠʚʥʦʛʦ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ. ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ 

ʫʜʝʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʝ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ ʧʘʮʠʝʥʪʦʚ, ʧʦʟʚʦʣʷʶʱʠʭ ʤʦʜʝʣʠʨʦʚʘʪʴ 

ʨʘʟʚʠʪʠʝ ʟʘʙʦʣʝʚʘʥʠʡ ʠ ʦʮʝʥʠʚʘʪʴ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʨʘʟʣʠʯʥʳʭ ʤʝʪʦʜʦʚ ʣʝʯʝʥʠʷ. ɺ 

ʧʝʨʩʧʝʢʪʠʚʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʤʝʜʠʮʠʥʩʢʠʝ ʩʠʩʪʝʤʳ ʩʤʦʛʫʪ ʦʙʝʩʧʝʯʠʚʘʪʴ ʥʝʧʨʝʨʳʚʥʳʡ 

ʤʦʥʠʪʦʨʠʥʛ ʩʦʩʪʦʷʥʠʷ ʧʘʮʠʝʥʪʦʚ ʠ ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʠʥʬʦʨʤʠʨʦʚʘʪʴ ʚʨʘʯʝʡ ʦ ʚʦʟʤʦʞʥʳʭ 

ʨʠʩʢʘʭ. 

 

ɿʘʢʣʶʯʝʥʠʝ. ʉʝʤʘʥʪʠʯʝʩʢʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʷʚʣʷʝʪʩʷ ʦʜʥʠʤ ʠʟ ʢʣʶʯʝʚʳʭ 

ʥʘʧʨʘʚʣʝʥʠʡ ʨʘʟʚʠʪʠʷ ʩʦʚʨʝʤʝʥʥʳʭ ʤʝʜʠʮʠʥʩʢʠʭ ʠʥʬʦʨʤʘʮʠʦʥʥʳʭ ʪʝʭʥʦʣʦʛʠʡ. 

ʉʦʚʤʝʩʪʥʦʝ ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʦʥʪʦʣʦʛʠʡ ʠ ʤʝʪʦʜʦʚ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʵʬʬʝʢʪʠʚʥʫʶ ʠʥʪʝʛʨʘʮʠʶ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ, ʧʦʚʳʰʝʥʠʝ ʢʘʯʝʩʪʚʘ ʜʠʘʛʥʦʩʪʠʢʠ ʠ 

ʧʦʜʜʝʨʞʢʫ ʧʨʠʥʷʪʠʷ ʚʨʘʯʝʙʥʳʭ ʨʝʰʝʥʠʡ. ʈʘʟʨʘʙʦʪʘʥʥʳʡ ʧʦʜʭʦʜ ʩʧʦʩʦʙʩʪʚʫʝʪ ʨʘʟʚʠʪʠʶ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʟʜʨʘʚʦʦʭʨʘʥʝʥʠʷ ʠ ʤʦʞʝʪ ʙʳʪʴ ʠʩʧʦʣʴʟʦʚʘʥ ʧʨʠ ʩʦʟʜʘʥʠʠ ʩʦʚʨʝʤʝʥʥʳʭ 

ʮʠʬʨʦʚʳʭ ʤʝʜʠʮʠʥʩʢʠʭ ʧʣʘʪʬʦʨʤ, ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʭ ʥʘ ʧʦʚʳʰʝʥʠʝ ʵʬʬʝʢʪʠʚʥʦʩʪʠ 

ʦʢʘʟʘʥʠʷ ʤʝʜʠʮʠʥʩʢʦʡ ʧʦʤʦʱʠ. 
 

ʈʠʩ. 1. ɸʨʭʠʪʝʢʪʫʨʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʩʠʩʪʝʤʳ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ ʘʥʘʣʠʟʘ 

ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ 

 

ɸʨʭʠʪʝʢʪʫʨʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʩʠʩʪʝʤʳ ʩʝʤʘʥʪʠʯʝʩʢʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ 

ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ ʥʘ ʦʩʥʦʚʝ ʪʝʭʥʦʣʦʛʠʡ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʧʨʝʜʩʪʘʚʣʝʥʘ ʥʘ 

ʨʠʩʫʥʢʝ 1. ʇʨʝʜʣʘʛʘʝʤʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʨʝʘʣʠʟʫʝʪ ʢʦʤʧʣʝʢʩʥʳʡ ʧʨʦʮʝʩʩ ʦʙʨʘʙʦʪʢʠ 

ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ, ʥʘʯʠʥʘʷ ʩʦ ʩʙʦʨʘ ʜʘʥʥʳʭ ʠʟ ʨʘʟʣʠʯʥʳʭ ʠʩʪʦʯʥʠʢʦʚ ʠ ʟʘʢʘʥʯʠʚʘʷ 

ʬʦʨʤʠʨʦʚʘʥʠʝʤ ʨʝʢʦʤʝʥʜʘʮʠʡ ʜʣʷ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʢʣʠʥʠʯʝʩʢʠʭ ʨʝʰʝʥʠʡ. ʉʠʩʪʝʤʘ 

ʚʢʣʶʯʘʝʪ ʚʟʘʠʤʦʩʚʷʟʘʥʥʳʝ ʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʤʦʜʫʣʠ: ʩʙʦʨ ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ, 

ʧʨʝʜʚʘʨʠʪʝʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʠ ʩʪʘʥʜʘʨʪʠʟʘʮʠʶ ʠʥʬʦʨʤʘʮʠʠ, ʩʝʤʘʥʪʠʯʝʩʢʦʝ 

ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʥʘ ʦʩʥʦʚʝ ʤʝʜʠʮʠʥʩʢʠʭ ʦʥʪʦʣʦʛʠʡ ʠ ʛʨʘʬʦʚ ʟʥʘʥʠʡ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʡ 
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ʘʥʘʣʠʟ ʜʘʥʥʳʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʝʪʦʜʦʚ ʤʘʰʠʥʥʦʛʦ ʠ ʛʣʫʙʦʢʦʛʦ ʦʙʫʯʝʥʠʷ, ʘ ʪʘʢʞʝ ʤʦʜʫʣʴ 

ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʚʨʘʯʝʙʥʳʭ ʨʝʰʝʥʠʡ. ɼʦʧʦʣʥʠʪʝʣʴʥʦ ʘʨʭʠʪʝʢʪʫʨʘ ʩʦʜʝʨʞʠʪ 

ʧʦʜʩʠʩʪʝʤʫ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ ʠ ʥʝʧʨʝʨʳʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ, ʦʙʝʩʧʝʯʠʚʘʶʱʫʶ 

ʘʢʪʫʘʣʠʟʘʮʠʶ ʙʘʟʳ ʟʥʘʥʠʡ, ʧʦʚʳʰʝʥʠʝ ʪʦʯʥʦʩʪʠ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ ʘʜʘʧʪʘʮʠʶ ʘʣʛʦʨʠʪʤʦʚ 

ʢ ʥʦʚʳʤ ʢʣʠʥʠʯʝʩʢʠʤ ʜʘʥʥʳʤ. ʉʢʚʦʟʥʳʤʠ ʢʦʤʧʦʥʝʥʪʘʤʠ ʘʨʭʠʪʝʢʪʫʨʳ ʷʚʣʷʶʪʩʷ 

ʫʧʨʘʚʣʝʥʠʝ ʜʘʥʥʳʤʠ ʠ ʤʝʪʘʜʘʥʥʳʤʠ, ʦʙʝʩʧʝʯʝʥʠʝ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ, 

ʢʦʥʪʨʦʣʴ ʢʘʯʝʩʪʚʘ ʜʘʥʥʳʭ, ʤʦʥʠʪʦʨʠʥʛ ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ ʩʠʩʪʝʤʳ ʠ ʩʦʙʣʶʜʝʥʠʝ 

ʤʝʞʜʫʥʘʨʦʜʥʳʭ ʩʪʘʥʜʘʨʪʦʚ ʦʙʤʝʥʘ ʤʝʜʠʮʠʥʩʢʦʡ ʠʥʬʦʨʤʘʮʠʝʡ. ʂʦʤʧʣʝʢʩʥʦʝ 

ʚʟʘʠʤʦʜʝʡʩʪʚʠʝ ʚʩʝʭ ʢʦʤʧʦʥʝʥʪʦʚ ʦʙʝʩʧʝʯʠʚʘʝʪ ʵʬʬʝʢʪʠʚʥʫʶ ʠʥʪʝʛʨʘʮʠʶ ʨʘʟʥʦʨʦʜʥʳʭ 

ʤʝʜʠʮʠʥʩʢʠʭ ʜʘʥʥʳʭ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʡ ʘʥʘʣʠʟ ʢʣʠʥʠʯʝʩʢʦʡ ʠʥʬʦʨʤʘʮʠʠ ʠ ʧʦʚʳʰʝʥʠʝ 

ʢʘʯʝʩʪʚʘ ʤʝʜʠʮʠʥʩʢʦʡ ʧʦʤʦʱʠ. 
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ɸʥʥʦʪʘʮʠʷ. ɹϰʣ ʤʘϨʘʣʘʜʘ ϨʳʨϤʳʟïϨʘʟʘϨ ʞϸʥʝ ϺʟʙʝʢïϨʘʟʘϨ ʪʽʣ ʞϰʧʪʘʨʳ Ϯʰʽʥ ʥʝʡʨʦʥʜʳϨ 

ʤʘʰʠʥʘʣʳϨ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʘʨʪʪʳʨʫ ʤʘϨʩʘʪʳʥʜʘ fine-tuning ϸʜʽʩʽ ʟʝʨʪʪʝʣʝʜʽ. ɿʝʨʪʪʝʫ 

ʙʘʨʳʩʳʥʜʘ ʙʽʨʥʝʰʝ ʟʘʤʘʥʘʫʠ ʢϺʧʪʽʣʜʽ ʤʦʜʝʣʴʜʝʨ ʩʘʣʳʩʪʳʨʳʣʳʧ, ʦʣʘʨʜʳϬ ʽʰʽʥʝʥ NLLB-200-1.3B 

ʤʦʜʝʣʽ ʪʠʽʤʜʽʣʽʛʽ ʤʝʥ ʪϰʨʘϨʪʳʣʳϤʳ ʙʦʡʳʥʰʘ ʪʘϬʜʘʣʜʳ. ʄʦʜʝʣʴʜʽ ʙʝʡʽʤʜʝʫ ʧʨʦʮʝʩʽ ʝʢʽ ʢʝʟʝϬʜʝ 

ʞϮʟʝʛʝ ʘʩʳʨʳʣʜʳ: ʘʣʜʳʤʝʥ OPUS ʞϸʥʝ FLORES ʘʰʳϨ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʳ ʥʝʛʽʟʽʥʜʝ ʙʘʩʪʘʧϨʳ 

ʦϨʳʪʫ ʞϮʨʛʽʟʽʣʜʽ, ʢʝʡʽʥ ʩʠʥʪʝʪʠʢʘʣʳϨ ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨʤʝʥ ʪʦʣʳϨʪʳʨʳʣʜʳ. ʉʠʥʪʝʪʠʢʘʣʳϨ 

ʢʦʨʧʫʩ ʘʨʥʘʡʳ ϸʜʽʩʪʝʤʝ ʙʦʡʳʥʰʘ Ϩϰʨʘʩʪʳʨʳʣʳʧ, ʘʣʜʳϬϤʳ ʟʝʨʪʪʝʫʣʝʨʜʝ ϰʩʳʥʳʣϤʘʥ ʪϸʩʽʣʜʝʨʛʝ 

ʩϮʡʝʥʝ ʦʪʳʨʳʧ ʜʘʡʳʥʜʘʣʜʳ. ϯʩʳʥʳʣϤʘʥ ʢϺʧʢʝʟʝϬʜʽ ʦϨʳʪʫ ʩʪʨʘʪʝʛʠʷʩʳ ʪϺʤʝʥ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨ 

ʘʨʘʩʳʥʜʘϤʳ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʘʨʪʪʳʨʫϤʘ ʤϮʤʢʽʥʜʽʢ ʙʝʨʜʽ. ʅϸʪʠʞʝʣʝʨ ϨʳʨϤʳʟïϨʘʟʘϨ ʞϸʥʝ Ϻʟʙʝʢï

ϨʘʟʘϨ ʙʘϤʳʪʪʘʨʳʥʜʘ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥʳϬ ʞʘϨʩʘʨϤʘʥʳʥ ʢϺʨʩʝʪʝʜʽ ʞϸʥʝ ʙϰʣ ʪϸʩʽʣʜʽϬ ʪϮʨʢʽ ʪʽʣʜʝʨʽ 

Ϯʰʽʥ ʧʝʨʩʧʝʢʪʠʚʘʣʳ ʝʢʝʥʽʥ ʜϸʣʝʣʜʝʡʜʽ. 

 

ʂʽʨʽʩʧʝ. ʄʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʟʘʤʘʥʘʫʠ ʪʘʙʠסʠ ʪʽʣʜʽ ᴇשʜʝʫ (NLP) ʞװʡʝʣʝʨʽʥʽש 

ʤʘשʳʟʜʳ ʢʦʤʧʦʥʝʥʪʽ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ. ʄʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʩʦסשʳ ʦʥʞʳʣʜʳץʪʘ ʪװʙʝʛʝʡʣʽ 

ᴇʟʛʝʨʽʩʪʝʨʛʝ ײʰʳʨʘʜʳ: ʩʪʘʪʠʩʪʠʢʘʣʳץ ʪᴅʩʽʣʜʝʨ Transformer ʘʨʭʠʪʝʢʪʫʨʘʩʳʥʘ ʥʝʛʽʟʜʝʣʛʝʥ 

ʥʝʡʨʦʥʜʳץ ʤʦʜʝʣʴʜʝʨʤʝʥ ʘʣʤʘʩʪʳʨʳʣʜʳ, ʘʣ NLLB-200 (No Language Left Behind) ʩʠʷץʪʳ ʟ 

ʘʤʘʥʘʫʠ ʢᴇʧʪʽʣʜʽ ʞװʡʝʣʝʨ ʙʽʨ סʘʥʘ ʤʦʜʝʣʴ ʰʝשʙʝʨʽʥʜʝ ʝʢʽ ʞװʟʜʝʥ ʘʩʪʘʤ ʪʽʣʜʽ ץʘʤʪʠʜʳ. ʂʝש 

ʪʘʨʘסʘʥ ʪʽʣʜʝʨʜʝʛʽ ᴅʩʝʨʣʽ ʥᴅʪʠʞʝʣʝʨʛʝ ץʘʨʘʤʘʩʪʘʥ, ʨʝʩʫʨʩʪʘʨʳ ʰʝʢʪʝʫʣʽ ʪʽʣʜʝʨʛʝ ʤײʥʜʘʡ 

ʞװʡʝʣʝʨʜʽ ץʦʣʜʘʥʫ ᴅʣʽ ʜʝ ʘʫʳʨ ʤᴅʩʝʣʝ ʪʫʜʳʨʘʜʳ ʦʣ - ʘʫʜʘʨʤʘ ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʳ. 

ʄʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘʜʘ «ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨ» ʪʝʨʤʠʥʽ ʤʦʜʝʣʴ ʙʝʪʢʽ ʞʘסʳʥʘʥ װʡʣʝʩʽʤʜʽ 

ʢᴇʨʽʥʝʪʽʥ, ʙʽʨʘץ ʰʳʥʘʡʳ ʤʘסʳʥʘסʘ ʩᴅʡʢʝʩ ʢʝʣʤʝʡʪʽʥ ʤᴅʪʽʥʜʽ ʞʘʩʘʫʜʳ ʙʽʣʜʽʨʝʜʽ: ʦʥʜʘ ʦʡʜʘʥ 

ʰʳסʘʨʳʣסʘʥ ʪײʣסʘʣʘʨ, ʙײʨʤʘʣʘʥסʘʥ ʬʘʢʪʽʣʝʨ, ץʘʡʪʘʣʘʥʘʪʳʥ װʟʽʥʜʽʣʝʨ ʥʝʤʝʩʝ ʪװʧʥײʩץʘʜʘʥ 

ʤװʣʜʝʤ ʘʣʰʘײץ ץʨʳʣʳʤʜʘʨ ʢʝʟʜʝʩʝʜʽ. ɹײʣ ײץʙʳʣʳʩ ʨʝʩʫʨʩʳ ʘʟ ʪʽʣ ʞײʧʪʘʨʳʥʜʘ ʘʡʨʳץʰʘ 

ʙʘʡץʘʣʘʜʳ, ʩʝʙʝʙʽ ʤʦʜʝʣʴ ʘʣʜʳʥ ʘʣʘ ʦץʳʪʫ ʢʝʟʽʥʜʝ ʞʝʪʢʽʣʽʢʪʽ ʢᴇʣʝʤʜʝ ʩʘʧʘʣʳ ʧʘʨʘʣʣʝʣʴ 

ʜʝʨʝʢʪʝʨʤʝʥ ʦץʳʪʳʣʤʘסʘʥʜʳץʪʘʥ. ʅᴅʪʠʞʝʩʽʥʜʝ ʪʠʧʦʣʦʛʠʷʣʳץ ʞʘסʳʥʘʥ ʞʘץʳʥ, ʙʽʨʘץ ʘʟ 

ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨ ʘʨʘʩʳʥʜʘ ʘʫʜʘʨʫ ʢʝʟʽʥʜʝ - ʤʳʩʘʣʳ, פʳʨסʳʟ, ץʘʟʘץ ʞᴅʥʝ ᴇʟʙʝʢ ʪʽʣʜʝʨʽ ð 

ʤʦʜʝʣʴ ʦץʳʪʫ ʢʦʨʧʫʩʳʥʜʘסʳ װʩʪʝʤ ʪʽʣʜʝʨʛʝ «ʩװʡʝʥʝʜʽ», ʩʦʥʜʳץʪʘʥ ʘʫʜʘʨʤʘʣʘʨʜʘ ʦʨʳʩ 

ʥʝʤʝʩʝ ʘסʳʣʰʳʥ ʪʽʣʜʝʨʽʥʝʥ ʘʣʳʥסʘʥ ʣʝʢʩʠʢʘʣʳץ ʘʣʤʘʩʪʳʨʫʣʘʨ, ʘʛʨʝʛʘʪʠʚʪʽ ʬʦʨʤʘʣʘʨʜʳש 

ʜײʨʳʩ ʙʝʨʽʣʤʝʫʽ ʞᴅʥʝ ʪʽʣʜʽʢ ʘʨʘʣʘʩʫʜʘʥ ʪʫʳʥʜʘʡʪʳʥ ʩʝʤʘʥʪʠʢʘʣʳץ ʳסʳʩʫʣʘʨ ʩʠʷץʪʳ ʪᴅʥ 

ʘץʘʫʣʘʨ ʧʘʡʜʘ ʙʦʣʘʜʳ. 

ʊװʨʢʽ ʪʽʣʜʝʨʽ - ʘʛʛʣʶʪʠʥʘʪʠʚʪʽ ʤʦʨʬʦʣʦʛʠʷʩʳʤʝʥ, ʢװʨʜʝʣʽ ʩᴇʟ ʬʦʨʤʘʣʘʨʳʤʝʥ ʞᴅʥʝ 

ʩʢʨʠʧʪ ʘʣʫʘʥʜʳʣʳסʳʤʝʥ ʩʠʧʘʪʪʘʣʘʪʳʥ ʪʽʣ ʦʪʙʘʩʳ. ɹײʣ ʝʨʝʢʰʝʣʽʢʪʝʨ ʘʫʜʘʨʤʘ ʞװʡʝʣʝʨʽʥ 

ʜʘʡʳʥʜʘʫʜʘ ʝʣʝʫʣʽ ץʠʳʥʜʳץʪʘʨ ʪʫסʳʟʘʜʳ: ʙʽʨʽʥʰʽʜʝʥ, ʩʘʧʘʣʳ ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨʜʽש 

ʪʘʧʰʳʣʳסʳ; ʝʢʽʥʰʽʜʝʥ, ʘʛʛʣʶʪʠʥʘʪʠʚʪʽ ʤʦʨʬʦʣʦʛʠʷ ð ʩᴇʟ ʬʦʨʤʘʣʘʨʳʥʳש ᴇʪʝ ʢᴇʧ ʙʦʣʫʳ; 

ʳ (ʢʠʨʠʣʣ, ʣʘʪʳʥ). ʆʩ rʤᴅʩʝʣʝʣʝʨʜʽ hסʘʣʫʘʥʜʳʣʳ שʡʝʣʝʨʽʥʽװʰʽʥʰʽʜʝʥ, ʞʘʟʫ ʞװ ʝʰʫ װʰʽʥ ʘ 

ʰʳץ ʢʦʜʪʳ װʣʛʽʣʝʨʜʽ ʪʠʽʤʜʽ ʧʘʡʜʘʣʘʥʫ ð ᴇʟʝʢʪʽ סʳʣʳʤʠ ʤʽʥʜʝʪ. ʆʩ rʟʝʨʪʪʝʫʜʽש ʤʘץʩʘʪʳ: 

Meta AI ʢʦʤʧʘʥʠʷʩʳʥʳש NLLB-200 1.3B ʤʦʜʝʣʽʥ ʩʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʜʘ fine-

tuning ʘʨץʳʣʳ ץʳʨסʳʟïץʘʟʘץ ʞᴅʥʝ ᴇʟʙʝʢïץʘʟʘץ ʙʘסʳʪʪʘʨʳ װʰʽʥ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʞʘץʩʘʨʪʫ. 

ʄʘץʘʣʘ ʢʝʣʝʩʽ ʟʝʨʪʪʝʫʽʥʽש ʥᴅʪʠʞʝʣʝʨʽʥ ʢʝשʝʡʪʽʧ, ʥʘץʪʳ ʪʽʣʜʽʢ ʞײʧʪʘʨסʘ ʪʝʨʝש ʪʘʣʜʘʫ 

ʞʘʩʘʡʜʳ [1]. 

ᴄʜʝʙʠʝʪʪʽʢ h ʦʣʫ. ɸʟ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨ װʰʽʥ ʥʝʡʨʦʥʜʳץ ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ (ʅʄɸ) ð 

ʙʝʣʩʝʥʜʽ ʟʝʨʪʪʝʣʫ ʩʘʣʘʩʳ. ʅʝʛʽʟʛʽ ʙʘסʳʪʪʘʨ: ʪʨʘʥʩʬʝʨʪʽʢ ʦץʳʪʫ, ʢᴇʧʪʽʣʜʽ ʘʣʜʳʥ ʘʣʘ װʡʨʝʪʫ (p 

retraining)  ʞᴅʥʝ  ʩʠʥʪʝʪʠʢʘʣʳץ  ʜʝʨʝʢʪʝʨ  ʛʝʥʝʨʘʮʠʷʩʳ.  ɾʘʣʧʳ  ʟʝʨʪʪʝʫ  ʥᴅʪʠʞʝʣʝʨʽ 
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ʩʠʥʪʝʪʠʢʘʣʳץ ʜʝʨʝʢʪʝʨʜʽ ʧʘʡʜʘʣʘʥʫ ʅʄɸ ʩʘʧʘʩʳʥ ʘʡʪʘʨʣʳץʪʘʡ ʘʨʪʪʳʨʘʪʳʥʳʥ ʜᴅʣʝʣʜʝʡʜʽ. 

Meta AI ʢʦʤʧʘʥʠʷʩʳʥʳש NLLB-200 (No Language Left Behind) ʤʦʜʝʣʽ 200-ʜʝʥ ʘʩʪʘʤ ʪʽʣʜʽ 

 .ʘʤʪʠʪʳʥ, ʘʟ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨʛʝ ʘʨʥʘʡʳ ʙʝʡʽʤʜʝʣʛʝʥ ʘʨʭʠʪʝʢʪʫʨʘ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ [2]ץ

FLORES-200 ʜʝʨʝʢʪʝʤʝʩʽʥʜʝ ʞװʨʛʽʟʽʣʛʝʥ ʩʳʨʪץʳ ʙʘסʘʣʘʫʣʘʨ ʙײʣ ʤʦʜʝʣʴʜʽש ʘʟ ʨʝʩʫʨʩʪʳ 

ʪʽʣʜʝʨ װʰʽʥ ʪʠʽʤʜʽ ʝʢʝʥʽʥ ʨʘʩʪʘʡʜʳ. Fine-tuning ʘʨץʳʣʳ BLEU, chrF ʞᴅʥʝ TER 

ʢᴇʨʩʝʪʢʽʰʪʝʨʽʥ ʞʘץʩʘʨʪʫסʘ ʙʦʣʘʪʳʥʳ ʙʽʨץʘʪʘʨ ʟʝʨʪʪʝʫʣʝʨʜʝ ʜᴅʣʝʣʜʝʥʛʝʥ [3]. 

ʉʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨ ʛʝʥʝʨʘʮʠʷʩʳ ð ʢʝʨʽ ʘʫʜʘʨʤʘ (back-translation) 

ʪᴅʩʽʣʽʥ ץʦʣʜʘʥʘʪʳʥ ʪʠʽʤʜʽ ʩʪʨʘʪʝʛʠʷ. ɹײʣ ʪᴅʩʽʣ ʘʟ ʨʝʩʫʨʩʪʳ ʩʮʝʥʘʨʠʡʣʝʨʜʝ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ 

ʪײʨʘץʪʳ ʞʘץʩʘʨʪʘʪʳʥʳ ʵʤʧʠʨʠʢʘʣʳץ ʟʝʨʪʪʝʫʣʝʨʤʝʥ ʨʘʩʪʘʣסʘʥ [4]. ʊװʨʢʽ ʪʽʣʜʝʨʽ װʰʽʥ 

ʢᴇʧʪʽʣʜʽ ʪʨʘʥʩʬʝʨ ð ʪʠʧʦʣʦʛʠʷʣʳץ ʞʘץʳʥʜʳץ ʩʝʙʝʙʽʥʝʥ ð ʝʨʝʢʰʝ ʪʠʽʤʜʽ ʪᴅʩʽʣ ʙʦʣʳʧ 

ʝʩʝʧʪʝʣʝʜʽ [5]. 

ɸʫʜʘʨʤʘ ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʳ ʤᴅʩʝʣʝʩʽ ʩʦסשʳ ʞʳʣʜʘʨʳ ʞʝʢʝ ʟʝʨʪʪʝʫ ʙʘסʳʪʳʥʘ 

ʘʡʥʘʣʜʳ. ɸʚʪʦʨʣʘʨ ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʜʳ ʞʽʢʪʝʧ, ʦʣʘʨʜʳש ʘʟ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨʜʝ ʞʠʽʣʝʫ 

ʢʝʟʜʝʩʝʪʽʥʽʥ ʩʪʘʪʠʩʪʠʢʘʣʳץ ʪʘʣʜʘʫ ʘʨץʳʣʳ ʜᴅʣʝʣʜʝʜʽ: ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨ ʘʟ ʙʦʣסʘʥ ʩʘʡʳʥ 

ʤʦʜʝʣʴ װʩʪʝʤ ʪʽʣʜʝʨʛʝ «ʩװʡʝʥʽʧ», ʤʘסʳʥʘʜʘʥ ʘʣʰʘץ ʤᴅʪʽʥ ʛʝʥʝʨʘʮʠʷʣʘʡʜʳ [9]. ʂʝʣʝʩʽ 

ʞײʤʳʩʪʘ ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʜʳ ʘʥʳץʪʘʫʜʳש ʘʚʪʦʤʘʪʪʘʥʜʳʨʳʣסʘʥ ᴅʜʽʩʪʝʨʽʥ ײʩʳʥʜʳ ʞᴅʥʝ 

BLEU ʤʝʪʨʠʢʘʩʳʥʳש ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʜʳ ʪʦʣʳץ ʘסשʘʨʤʘʡʪʳʥʳʥ ʢᴇʨʩʝʪʪʽ, ʙײʣ COMET 

ʞᴅʥʝ BERTScore ʩʝʢʽʣʜʽ ʩʝʤʘʥʪʠʢʘʣʳץ ʤʝʪʨʠʢʘʣʘʨʜʳש ʤʘשʳʟʜʳʣʳסʳʥ ʘʨʪʪʳʨʘʜʳ [10]. 

ʊװʨʢʽ ʪʽʣʜʝʨʽ װʰʽʥ ʟʝʨʪʪʝʫʣʝʨ ʙʽʨץʘʪʘʨ ʝʨʝʢʰʝʣʽʢʪʝʨʜʽ ʘʥʳץʪʘʜʳ. Mirzakhalov ʞᴅʥʝ ʪ. 

ʙ. [11] ʪװʨʢʽ ʪʽʣʜʝʨʽʥ ץʘʤʪʠʪʳʥ TIL ʢʦʨʧʫʩʳʥ ʞʘʩʘʧ, ʘʛʛʣʶʪʠʥʘʪʠʚʪʽ ʤʦʨʬʦʣʦʛʠʷʥʳש 

ʘʫʜʘʨʤʘ ʞװʡʝʣʝʨʽʥʝ ץʦʷʪʳʥ ʘʨʥʘʡʳ ʪʘʣʘʧʪʘʨʳʥ ʪʘʣʜʘʜʳ. ʆʩʳʣʘʡʰʘ, ᴅʜʝʙʠʝʪʪʝʨʜʽ ʪʘʣʜʘʫ 

ʢᴇʨʩʝʪʢʝʥʜʝʡ, ʘʟ ʨʝʩʫʨʩʪʳ ʪװʨʢʽ ʪʽʣʜʝʨʽ װʰʽʥ ʥʝʡʨʦʥʜʳץ ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘʥʳ ʜʘʤʳʪʫʜʘ 

ʙʽʨʥʝʰʝ ʙʘסʳʪʪʳ ʙʽʨʽʢʪʽʨʫ ץʘʞʝʪ: ʢᴇʧʪʽʣʜʽ ʘʣʜʳʥ ʘʣʘ װʡʨʝʪʽʣʛʝʥ ʤʦʜʝʣʴʜʝʨʜʽ ʧʘʡʜʘʣʘʥʫ, 

ʩʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨ ʛʝʥʝʨʘʮʠʷʣʘʫ, ʪʠʧʦʣʦʛʠʷʣʳץ ʞʘץʳʥ ʪʽʣʜʝʨ ʘʨʘʩʳʥʜʘ 

ʪʨʘʥʩʬʝʨʣʽʢ ʦץʳʪʫʜʳ ץʦʣʜʘʥʫ ʞᴅʥʝ ʤʦʜʝʣʴʜʝʨʜʽ ʥʘץʪʳ ʪʽʣʜʽʢ ʞײʧʪʘʨסʘ fine-tuning ʞʘʩʘʫ. 

ʆʩ rʪײʨסʳʜʘʥ ʘʣסʘʥʜʘ, ץʳʨסʳʟïץʘʟʘץ ʞᴅʥʝ ᴇʟʙʝʢïץʘʟʘץ ʪʽʣʜʽʢ ʞײʧʪʘʨʳ װʰʽʥ ʥʝʡʨʦʥʜʳ 

ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʤʦʜʝʣʴʜʝʨʽʥ ʙʝʡʽʤʜʝʫ סʳʣʳʤʠ ᴅʨʽ ʧʨʘʢʪʠʢʘʣʳץ ʪײʨסʳʜʘʥ ᴇʟʝʢʪʽ ʙʦʣʳʧ 

ʪʘʙʳʣʘʜʳ. 

ɿʝʨʪʪʝʫ ᴅʜʽʩʪʝʤʝʩʽ. ʆʩ rʙᴇʣʽʤʜʝ ʥʝʡʨʦʥʜʳ ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʤʦʜʝʣʽʥʽש ʢʝʰʝʥʜʽ 

ᴅʜʽʩʥʘʤʘʩʳ ʢᴇʨʩʝʪʽʣʽʧ, ʦסʘʥ ץʘʞʝʪʪʽ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʜʳ ʘʣʫ ʤʝʥ ʦץʳʪʫ ʞװʡʝʩʽʥʽש 

ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʪᴇʝʤʝʥʜʝʛʽ 1-ʰ  ̔ʩʫʨʝʪʪʝ ʢᴇʨʩʝʪʽʣʜʽ. 

ʄʦʜʝʣʴʜʽ ʪʘשʜʘʫ. ɿʝʨʪʪʝʫ ʙʘʨʳʩʳʥʜʘ ʙʽʨʥʝʰʝ ʘʰʳץ ʢʦʜʪʳ ʞᴅʥʝ ʢʦʤʤʝʨʮʠʷʣʳץ 

ʤʦʜʝʣʴʜʝʨ ʙʘסʘʣʘʥʜʳ: NLLB-200 600M / 1.3B / 3.3B, mT5 ʦʪʙʘʩʳʩʳ (small, base, large, 3B), 

Gemma 2 27B, Phi-4, Qwen2.5, LLaMA 3.1 / 3.2. ʊʘשʜʘʫ ʢʨʠʪʝʨʠʡʣʝʨʽ: ʘʰʳץ ץʦʣʞʝʪʽʤʜʽʣʽʢ, 

ʘʫʜʘʨʤʘ ʩʘʧʘʩʳ, ʪʽʣʜʝʨʜʽ ץʘʤʪʫ, ʝʩʝʧʪʝʫ ʪʠʽʤʜʽʣʽʛʽ ʞᴅʥʝ 24 ɻɹ GPU ʞʘʜʳʤʝʥ װʡʣʝʩʽʤʜʽʣʽʢ. 

ʊʘʣʜʘʫ ʥᴅʪʠʞʝʩʽʥʜʝ fine-tuning װʰʽʥ NLLB-200 1.3B ʤʦʜʝʣʽ ʪʘשʜʘʣʜʳ. ɹײʣ ʪʘשʜʘʫʜʳ ʥ 

ʝʛʽʟʜʝʡʪʽʥ ʬʘʢʪʦʨʣʘʨ: ʤʦʜʝʣʴ ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʘʟ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨʛʝ ʘʨʥʘʡʳ 

ʦשʪʘʡʣʘʥʜʳʨʳʣסʘʥ; ʘʛʛʣʶʪʠʥʘʪʠʚʪʽ ʤʦʨʬʦʣʦʛʠʷʥʳ ᴇשʜʝʫʜʝ ʪײʨʘץʪʳ ʥᴅʪʠʞʝʣʝʨ ʙʝʨʝʜʽ; 

FLORES-200 ʙʝʥʯʤʘʨʢ ʜʝʨʝʢʪʝʤʝʩʽʥʜʝ ʨʘʩʪʘʣסʘʥ ᴇʥʽʤʜʽʣʽʛʽ ʙʘʨ; 24 ɻɹ GPU ʞʘʜʳʤʝʥ ʪʦʣʳץ 

 .ʡʣʝʩʽʤʜʽװ

ʇʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʜʳ ײץʨʫ. ʇʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨ ʝʢʽ ʢʝʟʝשʜʝ ʞʘʩʘʣʜʳ. ɹʽʨʽʥʰʽ 

ʢʝʟʝשʜʝ OPUS ʨʝʧʦʟʠʪʦʨʠʡʽ ʤʝʥ FLORES-200 ʜʝʨʝʢʪʝʤʝʩʽʥʝʥ ʙʘʨ ʧʘʨʘʣʣʝʣʴ ʜʝʨʝʢʪʝʨ 

ʞʠʥʘʣʜʳ. ɽʢʽʥʰʽ ʢʝʟʝשʜʝ NLLB-200 3.3B ʤʦʜʝʣʽʥ ʧʘʡʜʘʣʘʥʘ ʦʪʳʨʳʧ, 500 000 ץʘʟʘץ ʪʽʣʜʽ 

ʤʦʥʦʣʠʥʛʚʘʣʜʳץ ʩᴇʡʣʝʤʥʝʥ ʩʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨ ʛʝʥʝʨʘʮʠʷʣʘʥʜʳ. 

ʊᴇʤʝʥʜʝʛʽ 1-ʢʝʩʪʝʜʝ ʪʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ ʢʦʨʧʫʩ ʢᴇʣʝʤʜʝʨʽ ʢᴇʨʩʝʪʽʣʛʝʥ. 



135  

 

ʉʫʨʝʪ 1. ɾײʤʳʩʪʳש ʘʨʭʠʪʝʢʪʫʨʘʩʳ 

 

ʂʝʩʪʝ 1. ʊʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩ ʢᴇʣʝʤʜʝʨʽ 

ʊʽʣʜʽʢ ʞײʧ OPUS (ʩᴇʡʣʝʤ ʩʘʥʳ) ʉʠʥʪʝʪʠʢʘʣʳץ ʢʦʨʧʫʩ ɾʘʣʧʳ 

 000 585 000 500 000 85~ ץʘʟʘפʳʟïסʳʨפ

ᴆʟʙʝʢïפʘʟʘ877 613 000 500 877 113~ ץ 

 

ʂʦʨʧʫʩʪʘʨʜʳ ʪʘʟʘʨʪʫ. ʉʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʜʘ ʞװʡʝʣʽ ץʘʪʝʣʝʨ 

ʘʥʳץʪʘʣʜʳ: ʣʝʢʩʠʢʘʣʳץ ץʘʡʪʘʣʘʥʫʣʘʨ, ʘʪʘʫʣʳ ʙʽʨʣʽʢʪʝʨʜʽש ʜײʨʳʩ ʙʝʨʽʣʤʝʫʽ, 

ʘʙʙʨʝʚʠʘʪʫʨʘʣʘʨʜʳץ שʘʪʝ ʪʨʘʥʩʣʠʪʝʨʘʮʠʷʩʳ, ʩʝʤʘʥʪʠʢʘʣʳץ ʙʽʨʣʽʢʪʝʨʜʽש ʢʝʩʽʣʫʽ. ʊʘʟʘʨʪʫ 

 ʞʝʣʽʣʝʨ ʤʝʥ ץʰʽʥ Python 3.11.14-ʪʝ ʘʨʥʘʡʳ Correction Module ʞʘʩʘʣʜʳ. ʄʦʜʫʣʴ ʥʝʡʨʦʥʜʳװ

ʪʦʣʳץ ʩᴅʡʢʝʩʪʽʢ ʪʝʢʩʝʨʫʣʝʨʽʥ (exact matching) ץʦʣʜʘʥʘ ʦʪʳʨʳʧ, ץʘʡʪʘʣʘʥʫʣʘʨ ʤʝʥ 

ʛʘʣʣʶʮʠʥʘʮʠʷʣʘʨʜʳ, ʘʪʘʫʣʳ ʙʽʨʣʽʢʪʝʨʜʽץ שʘʪʘʣʘʨʳʥ, ʜʫʙʣʠʪʪʝʨʜʽ ʞʦʷʜʳ. 

Fine-tuning ʧʘʨʘʤʝʪʨʣʝʨʽ. ʄʦʜʝʣʴʜʽ ʙʝʡʽʤʜʝʫ (fine-tuning) ʧʨʦʮʝʩʽ ʙʽʨʥʝʰʝ ʢʝʟʝשʥʝʥ 

ʪײʨʜʳ. ɸʣסʘʰץʳ ʢʝʟʝשʜʝ OPUS ʞᴅʥʝ FLORES ʩʠʷץʪʳ ʘʰʳץ ץʦʣʞʝʪʽʤʜʽ ʢʦʨʧʫʩʪʘʨ ʥʝʛʽʟʽʥʜʝ 

ʙʘʩʪʘʧץʳ ʦץʳʪʫ ʞװʨʛʽʟʽʣʜʽ. ɹײʣ ʜʝʨʝʢʪʝʨ ʤʦʜʝʣʴʜʽש ʪʽʣʜʽʢ ʟʘשʜʳʣʳץʪʘʨʜʳ ʞᴅʥʝ ʘʫʜʘʨʤʘ 

ʩᴅʡʢʝʩʪʽʢʪʝʨʽʥ ʤʝשʛʝʨʫʽʥʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʜʽ. ʂʝʣʝʩʽ ʢʝʟʝשʜʝ ʩʠʥʪʝʪʠʢʘʣʳץ ʧʘʨʘʣʣʝʣʴ 

ʢʦʨʧʫʩʪʘʨ ʧʘʡʜʘʣʘʥʳʣʜʳ. ʆʣʘʨ ʘʨʥʘʡʳ ᴅʜʽʩʪʝʤʝ ʙʦʡʳʥʰʘ ײץʨʘʩʪʳʨʳʣʳʧ, ʪʠʽʩʪʽ סʳʣʳʤʠ 

ʤʘץʘʣʘʜʘ ʩʠʧʘʪʪʘʣסʘʥ ʪᴅʩʽʣʛʝ ʩװʡʝʥʝ ʦʪʳʨʳʧ ʜʘʡʳʥʜʘʣʜʳ (ʦʩʳ ʞʝʨʜʝ ʜʝʨʝʢʢᴇʟʛʝ ʩʽʣʪʝʤʝ 

ʙʝʨʽʣʫʽ ץʘʞʝʪ). ʆʩʳʣʘʡʰʘ, ʢᴇʧʩʘʪʳʣʳ ʦץʳʪʫ ʩʪʨʘʪʝʛʠʷʩʳ ʤʦʜʝʣʴʜʽש ʪᴇʤʝʥ ʨʝʩʫʨʩʪʳ ʪʽʣʜʝʨ 

ʘʨʘʩʳʥʜʘסʳ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʞʘץʩʘʨʪʫסʘ ʙʘסʳʪʪʘʣʜʳ ʞᴅʥʝ ץʳʨסʳʟïץʘʟʘץ, ᴇʟʙʝʢïץʘʟʘץ 

ʪʽʣʜʽʢ ʙʘסʳʪʪʘʨʳʥʜʘ ʥᴅʪʠʞʝʣʽ ʢᴇʨʩʝʪʢʽʰʪʝʨʛʝ ץʦʣ ʞʝʪʢʽʟʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʜʽ. 

 ʘʥ ʢʦʨʧʫʩʪʘʨʜʘ fine-tuningסʤʦʜʝʣʽʥ ʪʘʟʘʨʪʳʣ ץʡʨʝʪʫ ʧʨʦʮʝʩʽ NLLB-200-1.3B ʙʘʟʘʣʳת

ʘʨץʳʣʳ ʞװʨʛʽʟʽʣʜʽ. תʡʨʝʪʫ ʢʦʥʬʠʛʫʨʘʮʠʷʩʳ: batch size = 16, learning rate = 5Ĭ10ī5, epochs = 

5, ʦשʪʘʡʣʘʥʜʳʨסʳʰ ï AdamW. ɹʘסʘʣʘʫ ʤʝʪʨʠʢʘʣʘʨʳ: BLEU, chrF, WER, TER, BERTScore, 

COMET. 
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ʅᴅʪʠʞʝʣʝʨ. ɿʝʨʪʪʝʫ ʥᴅʪʠʞʝʣʝʨʽ NLLB-200-1.3B ʤʦʜʝʣʽʥ fine-tuning ʘʨץʳʣʳ ʙʘʨʣʳץ 

ʪʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥʳש ʘʡʪʘʨʣʳץʪʘʡ ʞʘץʩʘʨסʘʥʳʥ ʢᴇʨʩʝʪʪʽ. 500 000 

ʪʘʟʘʨʪʳʣסʘʥ ʩᴇʡʣʝʤʜʽʢ ʢʦʨʧʫʩ ʥᴅʪʠʞʝʣʝʨʽ ʙʘʟʘʣʳץ NLLB-200-1.3B ʤʝʥ fine-tuning ʦץʳʪʫ 

ʥᴅʪʠʞʝʣʝʨʽʥ ʪᴇʤʝʥʜʝʛʽ 2-ʢʝʩʪʝʜʝ ʞʠʥʘץʪʘʣסʘʥ. 

 

ʂʝʩʪʝ 2 . ʊʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ 500 000 ʧʘʨʘʣʣʝʣʴ ʩᴇʡʣʝʤʜʝʨ װʰʽʥ BLEU ʞᴅʥʝ chrF 

ʥᴅʪʠʞʝʣʝʨʽ 

ʊʽʣʜʽʢ ʞײʧ ʄʦʜʝʣʴ BLEU (ʙʘʟʘʣʳץ) BLEU 

(fine-tune) 

chrF 

(ʙʘʟʘʣʳץ) 

chrF (fine-tune) 

 NLLB-200 1.3B 18.4 42.9 43.2 70.1 ץʘʟʘפʳʟïסʳʨפ

ᴆʟʙʝʢïפʘʟʘץ NLLB-200 1.3B 19.1 43.5 44.0 70.8 

 

ʅᴅʪʠʞʝʣʝʨ OPUS ʜʝʨʝʢʪʝʤʝʩʽʥʜʝ ʩʳʨʪץʳ ʙʘסʘʣʘʫʤʝʥ ʜʝ ʨʘʩʪʘʣʜʳ. ʂʝʣʝʩʽ 3-ʰʽ 

ʢʝʩʪʝʜʝʥ ʥᴅʪʠʞʝʣʝʨʽʥ ʢᴇʨʫʛʝ ʙʦʣʘʜʳ. 

 

ʂʝʩʪʝ 3 . ʊʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ OPUS װʰʽʥ BLEU ʞᴅʥʝ chrF ʥᴅʪʠʞʝʣʝʨʽ 

ʊʽʣʜʽʢ ʞײʧ ʄʦʜʝʣʴ BLEU (ʙʘʟʘʣʳץ) BLEU 

(fine-tune) 

chrF 

(ʙʘʟʘʣʳץ) 

chrF (fine-tune) 

 NLLB-200 ץʘʟʘפʳʟïסʳʨפ

1.3B 

8.10 9.38 37.3 39.1 

ᴆʟʙʝʢïפʘʟʘץ NLLB-200 

1.3B 

9.73 11.02 36.0 37.8 

 

ʅᴅʪʠʞʝʣʝʨ FLORES-200 ʜʝʨʝʢʪʝʤʝʩʽʥʜʝ ʩʳʨʪץʳ ʙʘסʘʣʘʫʤʝʥ ʜʝ ʨʘʩʪʘʣʜʳ. פʳʨסʳʟï

-ʰʽʥ FLORES-200 ʙʦʡʳʥʰʘ fine-tuning ʥᴅʪʠʞʝʣʝʨʽʥ 4װ ʙʳײʪʽʣʜʽʢ ʞ ץʘʟʘץ-ʞᴅʥʝ ᴇʟʙʝʢ ץʘʟʘץ

ʰʽ ʢʝʩʪʝʜʝʥ ʢᴇʨʫʛʝ ʙʦʣʘʜʳ. 

 

ʂʝʩʪʝ 4 . ʊʽʣʜʽʢ ʞײʧʪʘʨ ʙʦʡʳʥʰʘ FLORES-200 װʰʽʥ BLEU ʞᴅʥʝ chrF ʥᴅʪʠʞʝʣʝʨʽ 

ʊʽʣʜʽʢ ʞײʧ ʄʦʜʝʣʴ BLEU (ʙʘʟʘʣʳץ) BLEU 

(fine-tune) 

chrF 

(ʙʘʟʘʣʳץ) 

chrF (fine-tune) 

 NLLB-200 ץʘʟʘפʳʟïסʳʨפ

1.3B 

10.52 9.12 44.18 44.48 

ᴆʟʙʝʢïפʘʟʘץ NLLB-200 

1.3B 

14.96 13.51 48.98 49.89 

 

ʊʘʣץʳʣʘʫ. ɾװʨʛʽʟʽʣʛʝʥ ʪᴅʞʽʨʠʙʝʣʝʨ NLLB-200 ʤʦʜʝʣʽʥ fine-tuning ʘʨץʳʣʳ ʪװʨʢʽ 

ʪʽʣʜʝʨʽ ʘʨʘʩʳʥʜʘסʳ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʘʡʪʘʨʣʳץʪʘʡ ʞʘץʩʘʨʪʫסʘ ʙʦʣʘʪʳʥʳʥ ʢᴇʨʩʝʪʪʽ. ʅʝʛʽʟʛʽ 

ʦץʳʪʫ ʜʝʨʝʢʪʝʨʽ ʨʝʪʽʥʜʝ ʧʘʡʜʘʣʘʥʳʣסʘʥ 500 000 ʧʘʨʘʣʣʝʣʴ ʩᴇʡʣʝʤʥʝʥ ʪײʨʘʪʳʥ ʢʦʨʧʫʩ 

ʙʦʡʳʥʰʘ BLEU ʞᴅʥʝ chrF ʢᴇʨʩʝʪʢʽʰʪʝʨʽ ʝʜᴅʫʽʨ ᴇʩʢʝʥ. ᴄʩʽʨʝʩʝ ץʳʨסʳʟïץʘʟʘץ ʪʽʣʜʽʢ 

ʞײʙʳʥʜʘ BLEU ʢᴇʨʩʝʪʢʽʰʽ 18.4-ʪʝʥ 42.9-סʘ ʜʝʡʽʥ, ʘʣ chrF ʢᴇʨʩʝʪʢʽʰʽ 43.2-ʜʝʥ 70.1-ʛʝ ʜʝʡʽʥ 

ʞʦסʘʨʳʣʘסʘʥ. ץױʩʘʩ ᴇʩʽʤ ᴇʟʙʝʢïץʘʟʘץ ʪʽʣʜʽʢ ʞײʙʳʥʜʘ ʜʘ ʙʘʡץʘʣʜʳ: BLEU 19.1-ʜʝʥ 43.5-ʢʝ, 

chrF 44.0-ʪʝʥ 70.8-ʛʝ ʜʝʡʽʥ ʘʨʪץʘʥ. ɹײʣ fine-tuning ʧʨʦʮʝʩʽʥʽש ʤʦʜʝʣʴʜʽ ʥʘץʪʳ ʪʽʣʜʽʢ 

ʞײʧʪʘʨסʘ ʪʠʽʤʜʽ ʙʝʡʽʤʜʝʛʝʥʽʥ ʢᴇʨʩʝʪʝʜʽ. 

ʉʳʨʪץʳ ʙʘסʘʣʘʫ ʤʘץʩʘʪʳʥʜʘ ʤʦʜʝʣʴ OPUS ʜʝʨʝʢʪʝʤʝʩʽʥʜʝ ʜʝ ʪʝʢʩʝʨʽʣʜʽ. ɹײʣ 

ʞʘסʜʘʡʜʘ ʜʘ fine-tuning ʥᴅʪʠʞʝʩʽʥʜʝ BLEU ʞᴅʥʝ chrF ʢᴇʨʩʝʪʢʽʰʪʝʨʽʥʽש ᴇʩʫʽ ʙʘʡץʘʣʜʳ. 

 ʳʪʳʥʜʘסʙʘ ץʘʟʘץʙʳʥʜʘ BLEU 8.10-ʥʘʥ 9.38-ʛʝ ʜʝʡʽʥ ʘʨʪʪʳ. ᴆʟʙʝʢïײʪʽʣʜʽʢ ʞ ץʘʟʘץʳʟïסʳʨפ
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BLEU 9.73-ʪʝʥ 11.02-ʛʝ ʜʝʡʽʥ ʞʦסʘʨʳʣʘʜʳ. OPUS ʜʝʨʝʢʪʝʨʽʥʜʝʛʽ ᴇʩʽʤ ʥʝʛʽʟʛʽ ʢʦʨʧʫʩʧʝʥ 

ʩʘʣʳʩʪʳʨסʘʥʜʘ ʪᴇʤʝʥ ʙʦʣסʘʥʳʤʝʥ, ʥᴅʪʠʞʝʣʝʨ ʤʦʜʝʣʴʜʽש ʪʝʢ ʦץʳʪʫ ʜʝʨʝʢʪʝʨʽʥʜʝ סʘʥʘ ʝʤʝʩ, 

ʩʳʨʪץʳ ʤᴅʪʽʥʜʝʨʜʝ ʜʝ ʞʘʣʧʳʣʘʫ ץʘʙʽʣʝʪʽ ʙʘʨ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʝʜʽ. 

ɸʣ FLORES-200 ʜʝʨʝʢʪʝʤʝʩʽʥʜʝʛʽ ʥᴅʪʠʞʝʣʝʨ ʙʘʩץʘ ʢᴇʨʽʥʽʩʪʽ ʢᴇʨʩʝʪʪʽ. ʄײʥʜʘ BLEU 

ʢᴇʨʩʝʪʢʽʰʽ fine-tuning-ʜʝʥ ʢʝʡʽʥ ʘʟʜʘʧ ʪᴇʤʝʥʜʝʛʝʥʽʤʝʥ, chrF ʤᴅʥʜʝʨʽ ʩʘץʪʘʣסʘʥ ʥʝʤʝʩʝ 

ʰʘʤʘʣʳ ᴇʩʢʝʥ. פʳʨסʳʟïץʘʟʘץ ʞײʙʳʥʜʘ BLEU 10.52-ʜʝʥ 9.12-ʛʝ ʪᴇʤʝʥʜʝʛʝʥʽʤʝʥ, chrF 44.18-

ʜʝʥ 44.48-ʛʝ ʜʝʡʽʥ ᴇʩʪʽ. ᴆʟʙʝʢïץʘʟʘץ ʙʘסʳʪʳʥʜʘ BLEU 14.96-ʜʘʥ 13.51-ʛʝ ʘʟʘʡʩʘ, chrF 48.98-

ʜʝʥ 49.89-סʘ ʜʝʡʽʥ ʞʦסʘʨʳʣʘסʘʥ. ɹײʣ ʞʘסʜʘʡ fine-tuning ʙʘʨʳʩʳʥʜʘ ʤʦʜʝʣʴʜʽש ʙʝʣʛʽʣʽ ʙʽʨ 

ʜᴅʨʝʞʝʜʝ ʦץʳʪʫ ʜʦʤʝʥʽʥʝ ʙʝʡʽʤʜʝʣʽʧ ʢʝʪʢʝʥʽʥ ʢᴇʨʩʝʪʫʽ ʤװʤʢʽʥ. BLEU ʤʝʪʨʠʢʘʩʳ ʥʘץʪʳ n-

ʛʨʘʤʤ ʩᴅʡʢʝʩʪʽʛʽʥʝ ʪᴅʫʝʣʜʽ ʙʦʣסʘʥʜʳץʪʘʥ, ʘʫʜʘʨʤʘ ײץʨʳʣʳʤʳʥʜʘסʳ ʘʟʜʘסʘʥ ᴇʟʛʝʨʽʩʪʝʨʜʽש 

ᴇʟʽ ʢᴇʨʩʝʪʢʽʰʪʽש ʪᴇʤʝʥʜʝʫʽʥʝ ᴅʩʝʨ ʝʪʝʜʽ. ɸʣ chrF ʩʠʤʚʦʣʜʳץ ʜʝשʛʝʡʜʝʛʽ ʩᴅʡʢʝʩʪʽʢʪʽ 

ʙʘסʘʣʘʡʪʳʥʜʳץʪʘʥ, ʤʦʨʬʦʣʦʛʠʷʣʳץ ʞᴅʥʝ ʣʝʢʩʠʢʘʣʳץײ ץʩʘʩʪʳץʪʘʨʜʳש ʩʘץʪʘʣסʘʥʳʥ 

ʙʘʡץʘʪʘʜʳ. 

 ץʘʟʘץʳʟïסʳʨץ ʘʥʜʘץʨʢʽ ʪʽʣʜʝʨʽ ð ʘʪʘʧ ʘʡʪװʣ ʟʝʨʪʪʝʫ ʘʟ ʨʝʩʫʨʩʪʳ ʪײʦʨʳʪʳʥʜʳ. ɹפ

ʞᴅʥʝ ᴇʟʙʝʢïץʘʟʘץ ð װʰʽʥ ʘʰʳץ ʢʦʜʪʳ ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʞʘץʩʘʨʪʫʜʳש ʪʠʽʤʜʽ 

ʞʦʣʳʥ ײʩʳʥʘʜʳ. ɿʝʨʪʪʝʫʜʽס שʳʣʳʤʠ װʣʝʩʽ ʤʳʥʘʜʘʥ ʪײʨʘʜʳ: 

ï NLLB-200 1.3B ʤʦʜʝʣʽʥ ʩʠʥʪʝʪʠʢʘʣʳץ ʢʦʨʧʫʩʪʘʨʜʘ fine-tuning ʘʨץʳʣʳ BLEU-ʜʽ 

ʦʨʪʘʰʘ 23.81 ʙʘʣסʘ ʘʨʪʪʳʨʫʜʳש ʩʝʥʽʤʜʽ ʥᴅʪʠʞʝʩʽ ʘʣʳʥʜʳ; 

ï ɾʘʣʧʳ 487 743 ʩᴇʡʣʝʤʥʝʥ ʪײʨʘʪʳʥ ץʳʨסʳʟ-ץʘʟʘץ ʞᴅʥʝ 495 264 ᴇʟʙʝʢ-ץʘʟʘץ 

ʧʘʨʘʣʣʝʣʴ ʢʦʨʧʫʩʪʘʨʳ ײץʨʳʣʜʳ ʞᴅʥʝ ʘʰʳץ ʣʠʮʝʥʟʠʷʤʝʥ ʞʘʨʠʷʣʘʥʜʳ; 

ï ʉʠʥʪʝʪʠʢʘʣʳץ ʜʝʨʝʢʪʝʨʜʽ ʪʘʟʘʨʪʫ װʰʽʥ Python-ʜʘ ʘʨʥʘʡʳ Correction Module 

ʞʘʩʘʣʜʳ; 

ï ʅᴅʪʠʞʝʣʝʨ FLORES-200 ʩʳʨʪץʳ ʙʘסʘʣʘʫʳ ʤʝʥ ʘʜʘʤʠ ʩʘʨʘʧʪʘʤʘʤʝʥ ʨʘʩʪʘʣʜʳ; 

ï ױʩʳʥʳʣסʘʥ ʤʝʪʦʜʦʣʦʛʠʷ ʙʘʩץʘ ʘʟ ʨʝʩʫʨʩʪʳ ʪʽʣʜʽʢ ʞײʧʪʘʨסʘ ʢʝשʝʡʪʫʛʝ ʙʦʣʘʪʳʥ 
 .ʘʡʪʘʣʘʥʘʪʳʥ ʢʦʥʚʝʡʝʨ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳץ

ɾʘʣʧʳ ʘʣסʘʥʜʘ, ʙײʣ ʟʝʨʪʪʝʫ ʘʰʳץ ʢʦʜʪʳ ʞʘʩʘʥʜʳ ʠʥʪʝʣʣʝʢʪ ʞװʡʝʣʝʨʽʥʽש ʘʟ ʨʝʩʫʨʩʪʳ 

ʪʽʣʜʝʨʛʝ ʘʨʥʘʣסʘʥ ʤʘʰʠʥʘʣʳץ ʘʫʜʘʨʤʘ ʩʘʧʘʩʳʥ ʘʨʪʪʳʨʫʜʘסʳ ʞʦסʘʨʳ ʪʠʽʤʜʽʣʽʛʽʥ ʞᴅʥʝ 

ʮʠʬʨʣʳץ ʪʽʣʜʽʢ ʪʝשʩʽʟʜʽʢʪʽ ʘʟʘʡʪʫʜʘסʳ ʨᴇʣʽʥ ʥʘץʪʳ ʥᴅʪʠʞʝʣʝʨʤʝʥ ʜᴅʣʝʣʜʝʡʜʽ. 

 ʘʨʳ ʙʽʣʽʤסʳʣʳʤ ʞᴅʥʝ ʞʦנ ʩʪʘʥ ʈʝʩʧʫʙʣʠʢʘʩʳץʘʟʘפ ʣ ʟʝʨʪʪʝʫײʘʨʞʳʣʘʥʜʳʨʫ. ɹפ

ʤʠʥʠʩʪʨʣʽʛʽʥʽש ñʊװʨʢʽ ʪʽʣʜʝʨʽʥʽש ʧʘʨʘʣʣʝʣʴ ʩᴇʡʣʝʫ ʢʦʨʧʫʩʳʥʳש ʘʚʪʦʤʘʪʪʳ ʛʝʥʝʨʘʮʠʷʩʳʥ 

ʞᴅʥʝ ʦʣʘʨʜʳש ʥʝʡʨʦʥʜʳץ ʤʦʜʝʣʴʜʝʨ װʰʽʥ ץʦʣʜʘʥʳʣʫʳʥ ʟʝʨʪʪʝʫ ò ʘʪʪʳ ʛʨʘʥʪʪʳץ ʞʦʙʘʩʳ 

ʘʷʩʳʥʜʘ ץʘʨʞʳʣʘʥʜʳʨʳʣʜʳ (ʛʨʘʥʪ ʥᴇʤʽʨʽ: IRN AP AP23488624). 
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ɸϬʜʘʪʧʘ. ʄʘϨʘʣʘʜʘ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳ ʞϸʥʝ Retrieval-Augmented Generation (RAG) 

ʥʝʛʽʟʽʥʜʝ ʞʘʣϤʘʥ ʘϨʧʘʨʘʪʪʳ ʘʥʳϨʪʘʫ ʞϮʡʝʩʽʥ ϸʟʽʨʣʝʫ ϸʜʽʩʪʝʨʽ ϨʘʨʘʩʪʳʨʳʣϤʘʥ. ϯʩʳʥʳʣϤʘʥ ʞϮʡʝ 

ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʽ, ʝʢʽ ʠʥʜʝʢʩʪʽ RAG ʤʝʭʘʥʠʟʤʽʥ ʞϸʥʝ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʙʽʨʽʢʪʽʨʝʜʽ. 

ɾϮʡʝ ʞʘʣϤʘʥ ʘϨʧʘʨʘʪʪʳ ʘʥʳϨʪʘʫ ʜϸʣʜʽʛʽʥ ʘʨʪʪʳʨʫʤʝʥ Ϩʘʪʘʨ, ϨʘʙʳʣʜʘʥϤʘʥ ʰʝʰʽʤʜʝʨʜʽϬ 

ʪϮʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ, ʪʝʢʩʝʨʽʣʫʽʥ ʞϸʥʝ Ϻʟʛʝʨʪʽʣʤʝʫʽʥ Ϩʘʤʪʘʤʘʩʳʟ ʝʪʝʜʽ. ϯʩʳʥʳʣϤʘʥ ʪϸʩʽʣʜʽϬ 

ʪʠʽʤʜʽʣʽʛʽ LIAR ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳϤʳʥʜʘ ʵʢʩʧʝʨʠʤʝʥʪʪʽʢ ʪϮʨʜʝ ʙʘϤʘʣʘʥʳʧ, ʘʣʳʥϤʘʥ ʥϸʪʠʞʝʣʝʨ 

ʦʥʳϬ ϨʦʣʜʘʥʳʩʪʘϤʳ ϸʜʽʩʪʝʨʤʝʥ ʩʘʣʳʩʪʳʨϤʘʥʜʘ ʪʠʽʤʜʽ ʝʢʝʥʽʥ ʢϺʨʩʝʪʪʽ. 

ʊϮʡʽʥ ʩϺʟʜʝʨ: ʞʘʣϤʘʥ ʘϨʧʘʨʘʪʪʳ ʘʥʳϨʪʘʫ, ʙʣʦʢʯʝʡʥ, Retrieval-Augmented Generation (RAG), 

DistilBERT, FAISS, LIAR ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳϤʳ, ʩʝʥʽʤʜʽʣʽʢʪʽ ʢʘʣʠʙʨʣʝʫ, chain consensus, 

ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʝʨ. 

 

ᴄʜʝʙʠʝʪʪʝʨʛʝ h ʦʣʫ. ᴄʣʝʫʤʝʪʪʽʢ ʞʝʣʽʣʝʨʜʽש, ʦʥʣʘʡʥ ʞʘשʘʣʳץʪʘʨ ʧʣʘʪʬʦʨʤʘʣʘʨʳʥʳש 

ʞᴅʥʝ ʩʘʷʩʠ ʢʦʤʤʫʥʠʢʘʮʠʷ ʘʨʥʘʣʘʨʳʥʳץ שʘʨץʳʥʜʳ ʜʘʤʫʳ ʰʳʥʘʡʳ ʘץʧʘʨʘʪ ʧʝʥ ᴅʜʝʡʽ 

ʙײʨʤʘʣʘʥסʘʥ ʥʝʤʝʩʝ ʞʘשʳʣʳʩʪʳʨʘʪʳʥ ʘץʧʘʨʘʪʪʳ ʘʞʳʨʘʪʫ ʤᴅʩʝʣʝʩʽʥ ʢװʨʜʝʣʝʥʜʽʨʜʽ. 

ʉʦʥʜʳץʪʘʥ ʜʝʟʠʥʬʦʨʤʘʮʠʷʥʳ ʘʚʪʦʤʘʪʪʳ ʪװʨʜʝ ʘʥʳץʪʘʫ ʞװʡʝʣʝʨʽ ץʘʟʽʨʛʽ ʘץʧʘʨʘʪʪʳץ 

ʢʝשʽʩʪʽʢʪʽש ʤʘשʳʟʜʳ ײץʨʘʤʜʘʩ ʙᴇʣʽʛʽʥʝ ʘʡʥʘʣʫʜʘ, ᴇʡʪʢʝʥʽ ʘץʧʘʨʘʪ ʢᴇʣʝʤʽʥʽװ שʟʜʽʢʩʽʟ 

ʘʨʪʫʳʥʘ ʙʘʡʣʘʥʳʩʪʳ ʜᴅʩʪװʨʣʽ ץʦʣʤʝʥ ʬʘʢʪʯʝʢʠʥʛ ʞװʨʛʽʟʫ ʞʝʪʢʽʣʽʢʪʽ ʪʠʽʤʜʽ ʙʦʣʘ ʘʣʤʘʡʜʳ 

[1]. ʊʨʘʥʩʬʦʨʤʝʨ ʘʨʭʠʪʝʢʪʫʨʘʩʳʥʘ ʥʝʛʽʟʜʝʣʛʝʥ ʤʦʜʝʣʴʜʝʨ ʵʪʘʣʦʥʜʳץ ʜʝʨʝʢʪʝʨ 

ʞʠʳʥʪʳץʪʘʨʳʥʜʘ ʞʦסʘʨʳ ʥᴅʪʠʞʝʣʝʨ ʢᴇʨʩʝʪʢʝʥʽʤʝʥ, ʦʣʘʨʜʳ ʞʘʫʘʧʢʝʨʰʽʣʽʛʽ ʞʦסʘʨʳ 

 ʘʥסʳʟʜʳ ʰʝʢʪʝʫʣʝʨʤʝʥ ʩʠʧʘʪʪʘʣʘʜʳ. ɸʪʘʣשʘʪʘʨ ʤʘץʦʣʜʘʥʙʘʣʳ ʩʘʣʘʣʘʨʜʘ ʧʘʡʜʘʣʘʥʫ ʙʽʨץ

ʰʝʢʪʝʫʣʝʨ ʦʩʳ ʟʝʨʪʪʝʫʜʽ ʞװʨʛʽʟʫʜʽש ʥʝʛʽʟʛʽ ʘʣסʳʰʘʨʪʪʘʨʳʥ ץʘʣʳʧʪʘʩʪʳʨʘʜʳ. ʅʝʡʨʦʥʜʳץ 

ʞʽʢʪʝʫʽʰʪʝʨʛʝ ʥʝʛʽʟʜʝʣʛʝʥ ץʘʟʽʨʛʽ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʞװʡʝʣʝʨʽʥʽש ʙʽʨץʘʪʘʨ 

ʢʝʤʰʽʣʽʢʪʝʨʽ ʙʘʨ. ɹʽʨʽʥʰʽʜʝʥ, ʤײʥʜʘʡ ʤʦʜʝʣʴʜʝʨʜʽץ שʘʙʳʣʜʘסʘʥ ʰʝʰʽʤʜʝʨʽʥ ʪװʩʽʥʜʽʨʫ 

 שʣ ʩʘʨʘʧʰʳʣʘʨʜʳײʩʳʥʙʘʡʜʳ. ɹײ ʠʳʥ, ᴇʡʪʢʝʥʽ ʦʣʘʨ ʙʦʣʞʘʤʜʳ ʨʘʩʪʘʡʪʳʥ ʜᴅʣʝʣʜʝʨʜʽץ

ʘʚʪʦʤʘʪʪʳ ʪװʨʜʝ ʘʣʳʥסʘʥ ʥᴅʪʠʞʝʣʝʨʜʽש ʜײʨʳʩʪʳסʳʥ ʪʝʢʩʝʨʫʽʥ ץʠʳʥʜʘʪʘʜʳ [2]. ɽʢʽʥʰʽʜʝʥ, 

ʤʦʜʝʣʴʜʽש ʩʝʥʽʤʜʽʣʽʢ ʢᴇʨʩʝʪʢʽʰʪʝʨʽ ʦץʳʪʫ ʙʘʨʳʩʳʥʜʘ ץʘʣʳʧʪʘʩץʘʥ ʩʪʘʪʠʩʪʠʢʘʣʳץ 

ʟʘשʜʳʣʳץʪʘʨסʘ סʘʥʘ ʥʝʛʽʟʜʝʣʝʜʽ ʞᴅʥʝ ʙײʨʳʥ ʪʝʢʩʝʨʽʣʛʝʥ ץײʩʘʩ ʘץʧʘʨʘʪʪʘʨʜʳ ʝʩʢʝʨʤʝʡʜʽ [3]. 

 ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ שʘʥ ʰʝʰʽʤʜʝʨʜʽסʘʙʳʣʜʘʥץ ʡʝʣʝʨװʘʥ ʞסʪʘʥʜʳʨʳʣץʰʽʥʰʽʜʝʥ, ʦʨʪʘʣʳת

ʞʫʨʥʘʣʳʥ ʞװʨʛʽʟʙʝʡʪʽʥʜʽʢʪʝʥ, ʦʣʘʨʜʳץ שʘʫʽʧʩʽʟʜʽʛʽ ʤʝʥ ʩʝʥʽʤʜʽʣʽʛʽ ʪᴇʤʝʥʜʝʡʜʽ [4]. 

ɹײʣ ʤᴅʩʝʣʝʣʝʨʜʽ ʰʝʰʫʜʽש ʙʽʨ ʞʦʣʳ ʨʝʪʽʥʜʝ Retrieval-Augmented Generation (RAG) 

ʪʝʭʥʦʣʦʛʠʷʩʳ ײʩʳʥʳʣסʘʥ, ʦʣ ʙʦʣʞʘʤʜʘʨʜʳ ʙʽʣʽʤ ץʦʨʳʥʘʥ ʘʣʳʥסʘʥ ʜᴅʣʝʣʜʝʨʤʝʥ ʥʝʛʽʟʜʝʫʛʝ 

ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ [1]. ɸʣʘʡʜʘ ʩʪʘʥʜʘʨʪʪʳ ʙʽʨ ʠʥʜʝʢʩʪʽ RAG ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʰʳʥʘʡʳ 

ʘץʧʘʨʘʪץʘ ʙʝʡʽʤ ʢʝʣʝʪʽʥ ʽʟʜʝʫ ץʘʪʝʣʽʛʽʥ ʪʫʜʳʨʘʜʳ [5]. ɸʣ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳ 

ʘʥ hסʘʙʳʣʜʘʥץ ʝʰʽʤʜʝʨʜʽ ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʞᴅʥʝ ʪʝʢʩʝʨʽʣʝʪʽʥ ʪװʨʜʝ ʩʘץʪʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ 

[6]. 

ʆʩʳ ʞײʤʳʩʪʘ ʘʪʘʣסʘʥ ʢʝʤʰʽʣʽʢʪʝʨʜʽ ʞʦʶסʘ ʙʘסʳʪʪʘʣסʘʥ VeraChain ʞװʡʝʩʽ 

 ʡʝ DistilBERT ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʽʥ, ʝʢʽ ʠʥʜʝʢʩʪʽ RAG ʤʝʭʘʥʠʟʤʽʥ ʞᴅʥʝװʩʳʥʳʣʘʜʳ. ɾײ

ʙʣʦʢʯʝʡʥ ʥʝʛʽʟʽʥʜʝʛʽ ʘʫʜʠʪ ץʘʙʘʪʳʥ ʙʽʨʽʢʪʽʨʝʜʽ. ױʩʳʥʳʣסʘʥ ʪᴅʩʽʣ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ 

ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʫסʘ, ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫʛʝ ʞᴅʥʝ 

ʦʣʘʨʜʳ ʩʝʥʽʤʜʽ ʪװʨʜʝ ʪʽʨʢʝʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. ɾװʡʝʥʽש ʪʠʽʤʜʽʣʽʛʽ LIAR ʜʝʨʝʢʪʝʨ 

ʞʠʳʥʪʳסʳʥʜʘ ʵʢʩʧʝʨʠʤʝʥʪʪʽʢ ʪװʨʜʝ ʙʘסʘʣʘʥʳʧ, ʘʣʳʥסʘʥ ʥᴅʪʠʞʝʣʝʨ ײʩʳʥʳʣסʘʥ ᴅʜʽʩʪʽש 

 .ʘʥʜʘ ʪʠʽʤʜʽ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʪʽסʳ ʪᴅʩʽʣʜʝʨʤʝʥ ʩʘʣʳʩʪʳʨסʦʣʜʘʥʳʩʪʘץ
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VeraChain ʞװʡʝʩʽʥʽס שʳʣʳʤʠ ʥʝʛʽʟʜʝʤʝʩʽʥ ʘʡץʳʥʜʘʫ װʰʽʥ ʦʩʳ ʙʘסʳʪʪʘסʳ ʟʝʨʪʪʝʫʣʝʨʛʝ 

ʪʘʣʜʘʫ ʞװʨʛʽʟʽʣʜʽ. פʦʣʜʘʥʳʩʪʘסʳ ʝשʙʝʢʪʝʨʜʽ ʪᴇʨʪ ʥʝʛʽʟʛʽ ʙʘסʳʪץʘ ʙᴇʣʫʛʝ ʙʦʣʘʜʳ: 

ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʝʨʛʝ ʥʝʛʽʟʜʝʣʛʝʥ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ, Retrieval-Augmented 

Generation (RAG) ʪʝʭʥʦʣʦʛʠʷʩʳ, ʪʘʙʠסʠ ʪʽʣʜʽ ᴇשʜʝʫʜʝʛʽ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳʥ ץʦʣʜʘʥʫ 

ʞᴅʥʝ ʥʝʡʨʦʥʜʳץ ʤʦʜʝʣʴʜʝʨʜʽש ʩʝʥʽʤʜʽʣʽʢ ʢᴇʨʩʝʪʢʽʰʪʝʨʽʥ ʢʘʣʠʙʨʣʝʫ ᴅʜʽʩʪʝʨʽ. ɸʪʘʣסʘʥ 

ʟʝʨʪʪʝʫʣʝʨʜʽ ʪʘʣʜʘʫ VeraChain ʞװʡʝʩʽ ʰʝʰʫʛʝ ʙʘסʳʪʪʘʣסʘʥ סʳʣʳʤʠ ʤᴅʩʝʣʝʣʝʨʜʽ ʘʥʳץʪʘʫסʘ 

ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. 

 
1-ʢʝʩʪʝ. VeraChain ʞװʡʝʩʽʥ ץʦʣʜʘʥʳʩʪʘסʳ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʪᴅʩʽʣʜʝʨʽʤʝʥ ʩʘʣʳʩʪʳʨʫ 

ɿʝʨʪʪʝʫ / ᴄʜʽʩ ʅʝʛʽʟʛʽ 

ʪʝʭʥʦʣʦʛʠʷ 

ɼʝʨʝʢʪʝʨ 

ʞʠʳʥʪʳסʳ 

ʊװʩʽʥʜʽʨʤʝ 

ʣʽʣʽʢ 

ɹʣʦʢʯʝʡʥʜʽ 

 ʦʣʜʘʫץ

ɼᴅʣʜʽ 

ʢ (%) 

F1 ʅʝʛʽʟʛʽ 

ʰʝʢʪʝʫʽ 

CNN- 

ʥʝʛʽʟʽʥʜʝʛʽ ᴅʜʽʩ 

CNN LIAR ʞʦץ ʞʦ0.57 58.90 ץ ʂʦʥʪʝʢʩʪʽ 

ᴅʣʩʽʟ 

ʪװʩʽʥʝʜʽ 

LSTM- 

ʥʝʛʽʟʽʥʜʝʛʽ ᴅʜʽʩ 

LSTM LIAR ʞʦץ ʞʦ0.60 61.30 ץ ʊʽʟʙʝʢʪʽ 

ʪᴅʫʝʣʜʽʣʽʢʪʽ 

 ʰʝʢʪʝʫʣʝʨʽ ש

BERT Transformer LIAR ʰʝʢʪʝʫʣʽ ʞʦ0.62 63.10 ץ ɼᴅʣʝʣʜʝʨʜʽ 

ʽʟʜʝʫ ʞʦץ 

DistilBERT Lightweight 

Transformer 

LIAR ʰʝʢʪʝʫʣʽ ʞʦ0.6391 64.85 ץ ʉʝʥʽʤʜʽʣʽʢ 

ʪײʨʘץʩʳʟ 

ʉʪʘʥʜʘʨʪʪʳ 

RAG 

Retrieval-

Augmented 

Generation 

LIAR + 

External KB 

ʙʘʨ ʞʦ0.6368 64.77 ץ ɯʟʜʝʫ 

ʥᴅʪʠʞʝʩʽʥʽש 

ʳסʳʩʫʳ 

ɹʣʦʢʯʝʡʥʛʝ 

ʥʝʛʽʟʜʝʣʛʝʥ 

ʞװʡʝʣʝʨ 

Blockchain + 

Rule-Based 

Models 

Various ɯʰʽʥʘʨʘ ʙʘʨ - - ʉʝʤʘʥʪʠʢʘʣ 

ʳץ ʪʘʣʜʘʫ 

ʤװʤʢʽʥʜʽʛʽ 

ʰʝʢʪʝʫʣʽ 

VeraChain 

 (ʘʥסʩʳʥʳʣײ)

DistilBERT + 

Dual-Index 

RAG + 

Blockchain 

LIAR ʙʘʨ ʙʘʨ 65.24 0.6434 ɽʩʝʧʪʝʫ 

ʢװʨʜʝʣʽʣʽʛʽ 

ʞʦסʘʨʳ 

 

1- ʢʝʩʪʝʜʝ ʢᴇʨʩʝʪʽʣʛʝʥʜʝʡ, ײʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽ ʜᴅʣʜʽʢ ʧʝʥ F1 ʢᴇʨʩʝʪʢʽʰʽ 

ʙʦʡʳʥʰʘ ʝש ʞʦסʘʨʳ ʥᴅʪʠʞʝʛʝ ץʦʣ ʞʝʪʢʽʟʜʽ ʞᴅʥʝ ʩʦʥʳʤʝʥ ץʘʪʘʨ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש 

ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽ ʤʝʥ ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʞʫʨʥʘʣʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʝʜʽ. CNN ʞᴅʥʝ LSTM 

ʥʝʛʽʟʽʥʜʝʛʽ ʤʦʜʝʣʴʜʝʨ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʚʪʦʤʘʪʪʳ ʪװʨʜʝ ʘʥʳץʪʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʛʝʥʽʤʝʥ, 

ʦʣʘʨʜʳש ʩʝʤʘʥʪʠʢʘʣʳץ ʝʨʝʢʰʝʣʽʢʪʝʨʜʽ ʪװʩʽʥʫ ץʘʙʽʣʝʪʽ ʪᴇʤʝʥ. ɸʣ BERT ʞᴅʥʝ DistilBERT 

ʩʠʷץʪʳ ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʝʨ ʤᴅʪʽʥʥʽש ʢʦʥʪʝʢʩʪʽʢ ʝʨʝʢʰʝʣʽʢʪʝʨʽʥ ʪʠʽʤʜʽ ᴇשʜʝʡʜʽ, 

ʙʽʨʘץ ʦʣʘʨ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽ ʥʝʛʽʟʜʝʡʪʽʥ ʜᴅʣʝʣʜʝʨʜʽ ײʩʳʥʙʘʡʜʳ. 

ʉʪʘʥʜʘʨʪʪʳ RAG ʪᴅʩʽʣʽ ʩʳʨʪץʳ ʙʽʣʽʤ ץʦʨʳʥʜʘסʳ ʜᴅʣʝʣʜʝʨʜʽ ʧʘʡʜʘʣʘʥʫ ʘʨץʳʣʳ 

ʤʦʜʝʣʴʜʽש ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ ʘʨʪʪʳʨסʘʥʳʤʝʥ, ʙʽʨ ʠʥʜʝʢʩʪʽ ʽʟʜʝʫ ʤʝʭʘʥʠʟʤʽʥʝ ʙʘʡʣʘʥʳʩʪʳ 

ʰʳʥʘʡʳ ʘץʧʘʨʘʪץʘ ץʘʨʘʡ ʳסʳʩʫ ʤᴅʩʝʣʝʩʽ ʩʘץʪʘʣʘʜʳ. ɸʣ ʙʣʦʢʯʝʡʥʛʝ ʥʝʛʽʟʜʝʣʛʝʥ 

 ʘʤʪʘʤʘʩʳʟץ ʳ ʤʝʥ ʪʝʢʩʝʨʽʣʫʽʥסʪʘʩʪʳײʪ שʘʥ ʰʝʰʽʤʜʝʨʜʽסʘʙʳʣʜʘʥץ ʡʝʣʝʨװʳ ʞסʦʣʜʘʥʳʩʪʘץ

ʝʪʝʜʽ, ʙʽʨʘץ ʤᴅʪʽʥʥʽש ʩʝʤʘʥʪʠʢʘʣʳץ ʤʘʟʤײʥʳʥ ʪʝʨʝש ʪʘʣʜʘʡ ʘʣʤʘʡʜʳ. ױʩʳʥʳʣסʘʥ VeraChain 

ʞװʡʝʩʽ ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʽ, ʝʢʽ ʠʥʜʝʢʩʪʽ RAG ʤʝʭʘʥʠʟʤʽʥ ʞᴅʥʝ ʙʣʦʢʯʝʡʥ 

ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʙʽʨʳסשʘʡ ʘʨʭʠʪʝʢʪʫʨʘʜʘ ʙʽʨʽʢʪʽʨʝʜʽ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, ʞװʡʝʜʝ ʙײʨʳʥ 

ʪʝʢʩʝʨʽʣʛʝʥ ʩʝʤʘʥʪʠʢʘʣʳץײ ץʩʘʩ ʤᴅʣʽʤʝʪʪʝʨʜʽ ʧʘʡʜʘʣʘʥʫ ʘʨץʳʣʳ ʰʝʰʽʤʜʝʨʜʽש ʩʝʥʽʤʜʽʣʽʛʽʥ 

ʘʨʪʪʳʨʘʪʳʥ chain consensus calibration ʤʝʭʘʥʠʟʤʽ ץʦʣʜʘʥʳʣסʘʥ. ʅᴅʪʠʞʝʩʽʥʜʝ ײʩʳʥʳʣסʘʥ 

ʪᴅʩʽʣ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʳʧ ץʘʥʘ ץʦʡʤʘʡ, ץʘʙʳʣʜʘʥסʘʥ h ʝʰʽʤʜʝʨʜʽש 

ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ, ʩʝʥʽʤʜʽʣʽʛʽʥ ʞᴅʥʝ ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʪװʨʜʝ ʩʘץʪʘʣʫʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʝʜʽ. 
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ʊʨʘʥʩʬʦʨʤʝʨ ʘʨʭʠʪʝʢʪʫʨʘʣʘʨʳʥʳש ʧʘʡʜʘ ʙʦʣʫʳ ʪʘʙʠסʠ ʪʽʣʜʽ ᴇשʜʝʫ ʩʘʣʘʩʳʥʳש 

 ʘʨʳ ʜᴅʣʜʽʢʧʝʥסʙʘʡʣʘʥʳʩʪʘʨʜʳ ʞʦ ץʧʘʣ ʝʪʽʧ, ʤᴅʪʽʥʜʝʛʽ ʩʝʤʘʥʪʠʢʘʣʳץʳʥʜʳ ʜʘʤʫʳʥʘ ʳץʘʨץ

ʘʥʳץʪʘʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʜʽ [7]. BERT ʤʦʜʝʣʽ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʤʽʥʜʝʪʽʥʜʝ ʢʝשʽʥʝʥ 

 ʪʘʨʳʥʜʘץʪʳ ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳץʦʣʜʘʥʳʣʳʧ, LIAR [4], FakeNewsNet [8] ʞᴅʥʝ FEVER [9] ʩʠʷץ

ʞʦסʘʨʳ ʥᴅʪʠʞʝʣʝʨ ʢᴇʨʩʝʪʪʽ. ʂʝʡʽʥ ײʩʳʥʳʣסʘʥ DistilBERT ʤʦʜʝʣʽ BERT ᴇʥʽʤʜʽʣʽʛʽʥʽש 

ʰʘʤʘʤʝʥ 97 %-ʳʥ ʩʘץʪʘʡ ʦʪʳʨʳʧ, ʧʘʨʘʤʝʪʨʣʝʨ ʩʘʥʳʥ 40 %-סʘ ʘʟʘʡʪʪʳ. ʆʩʳ ʝʨʝʢʰʝʣʽʛʽʥʽש 

ʘʨץʘʩʳʥʜʘ ʦʣ ʝʩʝʧʪʝʫ ʨʝʩʫʨʩʪʘʨʳ ʰʝʢʪʝʫʣʽ ʞװʡʝʣʝʨʜʝ ʪʠʽʤʜʽ ץʦʣʜʘʥʳʣʘʪʳʥ ʞʝשʽʣʜʝʪʽʣʛʝʥ 

ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ [6]. 

LIAR ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʤʽʥʜʝʪʽ ᴅʣʽ ʜʝ ʢװʨʜʝʣʽ ʙʦʣʳʧ 

ʩʘʥʘʣʘʜʳ, ʩʝʙʝʙʽ ʩʘʷʩʠ ʤᴅʣʽʤʜʝʤʝʣʝʨʜʽש ʤᴅʪʽʥʜʽʢ ײץʨʳʣʳʤʳ ʤʝʥ ʩʝʤʘʥʪʠʢʘʣʳץ 

ʝʨʝʢʰʝʣʽʢʪʝʨʽ ʙʽʨ-ʙʽʨʽʥʝ ᴇʪʝ ץײʩʘʩ ʢʝʣʝʜʽ [10]. ʂʝʡʙʽʨ ʟʝʨʪʪʝʫʣʝʨʜʝ ʤᴅʪʽʥʤʝʥ ץʘʪʘʨ ʘʚʪʦʨ 

ʪʫʨʘʣʳ ʘץʧʘʨʘʪ ʧʝʥ ʪʘץʳʨʳʧʪʳץ ʙʝʣʛʽʣʝʨʜʽ ʧʘʡʜʘʣʘʥʫ ʘʨץʳʣʳ ʤʦʜʝʣʴ ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʫ 

 ʜʝʫ ʢʝʟʽʥʜʝ ᴅʨʜʘʡʳʤשʧʘʨʘʪʪʳ ᴇץʘ ʘשʦʩʳʤʰʘ ʤᴅʣʽʤʝʪʪʝʨ ʞʘץ ʥʜʘʡײʘʥʳʤʝʥ [11], ʤסʩʳʥʳʣײ

 ץʘʪʘʨ, ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʝʨʜʽ ʛʨʘʬʪʳץ ʦʣʞʝʪʽʤʜʽ ʙʦʣʘ ʙʝʨʤʝʡʜʽ. ʉʦʥʳʤʝʥץ

ʥʝʡʨʦʥʜʳץ ʞʝʣʽʣʝʨʤʝʥ ʙʽʨʽʢʪʽʨʝʪʽʥ ʘʥʩʘʤʙʣʴʜʽʢ ʪᴅʩʽʣʜʝʨ ʜʝ ײʩʳʥʳʣסʘʥ [12], ʘʣʘʡʜʘ 

ʦʣʘʨʜʳש ʢװʨʜʝʣʽ ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʤʝʥ ץʦʩʳʤʰʘ ʜʝʨʝʢʪʝʨʛʝ ʪᴅʫʝʣʜʽʣʽʛʽ ʧʨʘʢʪʠʢʘʣʳץ 

 .ʦʣʜʘʥʳʣʫʳʥ ʰʝʢʪʝʡʜʽץ

Retrieval-Augmented Generation (RAG) ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʘʣסʘʰ ʨʝʪ Lewis ʞᴅʥʝ ʦʥʳש 

ᴅʨʽʧʪʝʩʪʝʨʽ ʪʘʙʠסʠ ʪʽʣʜʽ ᴇשʜʝʫʜʽש ʙʽʣʽʤʛʝ ʪᴅʫʝʣʜʽ ʝʩʝʧʪʝʨʽʥ ʰʝʰʫʛʝ ʘʨʥʘʣסʘʥ ᴅʜʽʩ ʨʝʪʽʥʜʝ 

 ʧʘʨʘʪʪʳץʩʘʩ ʘץײ ץʦʨʳʥʘʥ ʩʝʤʘʥʪʠʢʘʣʳץ ʣ ʪᴅʩʽʣ ʤᴅʪʽʥʜʽ ʞʽʢʪʝʫ ʘʣʜʳʥʜʘ ʙʽʣʽʤײʩʳʥʜʳ [1]. ɹײ

ʽʟʜʝʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ, ʥᴅʪʠʞʝʩʽʥʜʝ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽ ʘʨʪʘʜʳ 

[11]. ɸʣʘʡʜʘ ʙʽʨ ʠʥʜʝʢʩʪʽ RAG ʘʨʭʠʪʝʢʪʫʨʘʩʳ ʪʝʢ ʰʳʥʘʡʳ ʘץʧʘʨʘʪʪʘʨʜʘʥ ײץʨʘʣסʘʥ ʙʽʣʽʤ 

 ʳʩʫʳʥʘ ʘʣʳʧסʘʨʘʡ ʳץ ʘץʧʘʨʘʪץʪʳ ʘץʥʘ שʜʘʡʜʘ ʽʟʜʝʫ ʥᴅʪʠʞʝʣʝʨʽʥʽסʘʥ ʞʘסʦʨʳʥ ʧʘʡʜʘʣʘʥץ

ʢʝʣʝʜʽ [2]. FEVER ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘ ʞװʨʛʽʟʽʣʛʝʥ ʟʝʨʪʪʝʫʣʝʨ ʜᴅʣʝʣʜʝʨʜʽ ʽʟʜʝʫ ʩʘʧʘʩʳ 

ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʞװʡʝʣʝʨʽʥʽש ʪʠʽʤʜʽʣʽʛʽʥʝ ʪʽʢʝʣʝʡ ᴅʩʝʨ ʝʪʝʪʽʥʽʥ ʢᴇʨʩʝʪʪʽ [13]. ʆʩʳ 

ʤᴅʩʝʣʝʥʽ h ʝʰʫ װʰʽʥ ײʩʳʥʳʣסʘʥ ʞײʤʳʩʪʘ h ʳʥʘʡʳ ʞᴅʥʝ ʞʘʣסʘʥ ʤᴅʣʽʤʝʪʪʝʨ װʰʽʥ ʞʝʢʝ ʙʽʣʽʤ 

 ʘ ʥʝʛʽʟʜʝʣʛʝʥ ʝʢʽ ʠʥʜʝʢʩʪʽ ʽʟʜʝʫ ʪᴅʩʽʣʽץʘʪʳʥʘʩץ ץʪʳץʪʠʤʘʣʜʳץʨʳʣʳʧ, ʳײץ ʦʨʣʘʨʳץ

 .ʦʣʜʘʥʳʣʘʜʳץ

ɹʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳ ʙʘʩʪʘʧץʳʜʘ Bitcoin ʢʨʠʧʪʦʚʘʣʶʪʘʩʳʥʳש ʥʝʛʽʟʽ ʨʝʪʽʥʜʝ 

 ʳ ʤʝʥסʪʘʩʪʳײʪ שʡʝʣʝʨʜʝ ʤᴅʣʽʤʝʪʪʝʨʜʽװʞ ץʧʘʨʘʪʪʳץʳʪʪʘ ʘץʘʟʽʨʛʽ ʫʘץ ,ʘʥʳʤʝʥ [14]סʩʳʥʳʣײ

ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥʜʽʛʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫ װʰʽʥ ʢʝשʽʥʝʥ ץʦʣʜʘʥʳʣʘʜʳ [15]. ɾʘʣסʘʥ ʘץʧʘʨʘʪʪʳ 

ʘʥʳץʪʘʫ ʞװʡʝʣʝʨʽʥʜʝ ʙʣʦʢʯʝʡʥ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽ ץʘʫʽʧʩʽʟ ʩʘץʪʘʫסʘ ʞᴅʥʝ ʦʣʘʨʜʳש 

ʢʝʡʽʥʛʽ ʪʝʢʩʝʨʽʣʫʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ [3]. ɸʣʘʡʜʘ ץʦʣʜʘʥʳʩʪʘסʳ 

ʟʝʨʪʪʝʫʣʝʨʜʽש ʢᴇʧʰʽʣʽʛʽ ʙʣʦʢʯʝʡʥʜʽ ʪʝʢ ʘʫʜʠʪ ʞװʨʛʽʟʫ ײץʨʘʣʳ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʘʜʳ ʞᴅʥʝ 

ʙײʨʳʥ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽ ʤʦʜʝʣʴʜʽש ʩʝʥʽʤʜʽʣʽʛʽʥ ʘʨʪʪʳʨʫ ʤʘץʩʘʪʳʥʜʘ 

ʧʘʡʜʘʣʘʥʙʘʡʜʳ [16]. ױʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽʥʜʝ ʙʣʦʢʯʝʡʥ ʪʝʢ ʘʫʜʠʪ ʞװʨʛʽʟʽʧ ץʘʥʘ 

 ʳʣʳץʨʳʥ ʪʝʢʩʝʨʽʣʛʝʥ ʞʘʟʙʘʣʘʨʜʳ ʧʘʡʜʘʣʘʥʫ ʘʨײʩʘʩ ʙץײ ʳʜʘʥסʨײʪ ץʦʡʤʘʡ, ʩʝʤʘʥʪʠʢʘʣʳץ

chain consensus calibration ʤʝʭʘʥʠʟʤʽʥ ʞװʟʝʛʝ ʘʩʳʨʘʜʳ. 

ʅʝʡʨʦʥʜʳץ ʞʝʣʽʣʝʨʜʽש ʪʘסʳ ʙʽʨ ʤʘשʳʟʜʳ ʤᴅʩʝʣʝʩʽ ï ʦʣʘʨʜʳש ʩʝʥʽʤʜʽʣʽʢ 

ʢᴇʨʩʝʪʢʽʰʪʝʨʽʥʽש ʥʘץʪʳ ʳץʪʠʤʘʣʜʳץʪʘʨʜʳ ʜᴅʣ ʙʝʡʥʝʣʝʤʝʫʽ. Guo ʞᴅʥʝ ᴅʨʽʧʪʝʩʪʝʨʽ 

ʥʝʡʨʦʥʜʳץ ʤʦʜʝʣʴʜʝʨʜʽש ʰʘʤʘʜʘʥ ʪʳʩ ʩʝʥʽʤʜʽ ʙʦʣʘʪʳʥʳʥ ʢᴇʨʩʝʪʽʧ, temperature scaling 

ᴅʜʽʩʽʥ ײʩʳʥʜʳ [17]. ʂʝʡʽʥʛʽ ʟʝʨʪʪʝʫʣʝʨʜʝ label smoothing, Bayesian uncertainty estimation 

ʞᴅʥʝ evidential deep learning ʩʠʷץʪʳ ʢʘʣʠʙʨʣʝʫ ᴅʜʽʩʪʝʨʽ ײʩʳʥʳʣסʘʥ [18]ï[20]. ɼʝʛʝʥʤʝʥ ʙײʣ 

ʪᴅʩʽʣʜʝʨ ʙʘʨʣʳץ ʙʦʣʞʘʤʜʘʨסʘ ʙʽʨʜʝʡ ᴅʩʝʨ ʝʪʝʜʽ ʞᴅʥʝ ʞʝʢʝ ʤᴅʪʽʥʜʝʨʜʽש ʩʝʤʘʥʪʠʢʘʣʳץ 

ʝʨʝʢʰʝʣʽʢʪʝʨʽʥ ʝʩʢʝʨʤʝʡʜʽ. ɸʣ ײʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽʥʜʝ ʩʝʥʽʤʜʽʣʽʢ ʢᴇʨʩʝʪʢʽʰʽ 

ʙʣʦʢʯʝʡʥʜʝ ʩʘץʪʘʣסʘʥ ʩʝʤʘʥʪʠʢʘʣʳץײ ץʩʘʩ ʤᴅʣʽʤʝʪʪʝʨ ʥʝʛʽʟʽʥʜʝ ʪװʟʝʪʽʣʽʧ, ʙʝʣʛʽʩʽʟʜʽʢ 

ʞʦסʘʨʳ ʞʘסʜʘʡʣʘʨʜʘ ʙʦʣʞʘʤ ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. 

 :ʨʘʜʳײʘʙʘʪʪʘʥ ʪץ ʰ ʥʝʛʽʟʛʽװ ʡʝʩʽװʘʥ VeraChain ʞסʩʳʥʳʣױ .ʘʥ ᴅʜʽʩסʩʳʥʳʣױ

DistilBERT ʥʝʛʽʟʽʥʜʝʛʽ ʤᴅʪʽʥʜʽ ʞʽʢʪʝʫ ʤʦʜʫʣʽ, ʝʢʽ ʠʥʜʝʢʩʪʽ Retrieval-Augmented Generation 

(RAG) ʤʦʜʫʣʽ ʞᴅʥʝ ʙʣʦʢʯʝʡʥ ʥʝʛʽʟʽʥʜʝʛʽ ʘʫʜʠʪ ʧʝʥ ʩʝʥʽʤʜʽʣʽʢʪʽ ʢʘʣʠʙʨʣʝʫ ץʘʙʘʪʳ. ɾװʡʝʛʝ 
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k 

ʞʘשʘʣʳץ ʤᴅʪʽʥʽ ʝʥʛʽʟʽʣʛʝʥʥʝʥ ʢʝʡʽʥ ʘʣʜʳʤʝʥ ʦʥʳש SHA-256 ʭʵʰ-ʢʦʜʳ ʝʩʝʧʪʝʣʝʜʽ ʞᴅʥʝ 

ʙʣʦʢʯʝʡʥʥʝʥ ʜᴅʣ ʩʦʥʜʘʡ ʞʘʟʙʘʥʳש ʙʘʨ-ʞʦסʳ ʪʝʢʩʝʨʽʣʝʜʽ. ɽʛʝʨ ʩᴅʡʢʝʩ ʞʘʟʙʘ ʪʘʙʳʣʩʘ, ʙײʨʳʥ 

ʩʘץʪʘʣסʘʥ ʥᴅʪʠʞʝ ץʘʡʪʘʨʳʣʘʜʳ. ʂʝʨʽ ʞʘסʜʘʡʜʘ ʤᴅʪʽʥ DistilBERT ʤʦʜʝʣʽ ʘʨץʳʣʳ ᴇשʜʝʣʽʧ, 

ʢʝʡʽʥ ʝʢʽ ʠʥʜʝʢʩʪʽ RAG ʤʦʜʫʣʽʥʜʝ ʩʝʤʘʥʪʠʢʘʣʳץײ ץʩʘʩ ʤᴅʣʽʤʝʪʪʝʨ ʽʟʜʝʣʝʜʽ. ʉʦשʳʥʜʘ 

ʘʣʳʥסʘʥ ʥᴅʪʠʞʝ ʙʣʦʢʯʝʡʥʛʝ ʪʽʨʢʝʣʝʜʽ. 
 

1- ʩʫʨʝʪ. VeraChain ʞװʡʝʩʽʥʽש ʞʘʣʧʳ ʘʨʭʠʪʝʢʪʫʨʘʩʳ 

 

ɾװʡʝʥʽש ʥʝʛʽʟʛʽ ʞʽʢʪʝʫ ʤʦʜʫʣʽ ʨʝʪʽʥʜʝ DistilBERT ʤʦʜʝʣʽ ʧʘʡʜʘʣʘʥʳʣʜʳ. ʄʦʜʝʣʴ 

ʤᴅʪʽʥʜʽ ʝʢʽ ʢʣʘʩʩץʘ (FAKE ʞᴅʥʝ REAL) ʞʽʢʪʝʧ, ᴅʨ ʢʣʘʩʩ װʰʽʥ ʳץʪʠʤʘʣʜʳץ ʤᴅʥʜʝʨʽʥ 

ʝʩʝʧʪʝʡʜʽ. 

[logit FAKE , logit REAL ]=DistilBERT ( x ; ɗ ) (1) 

[ pFAKE , pREAL ]=s oftmax ([logit FAKE , logit REAL ]) (2) 

l abelB ERT =argmax ( pFAKE , pREAL ) , bert conf =max ( pFAKE , pREAL ) (3) 

 

ɸʣʳʥסʘʥ ʥᴅʪʠʞʝʣʝʨ ʥʝʛʽʟʽʥʜʝ ʤᴅʪʽʥ ʝʢʽ ʠʥʜʝʢʩʪʽ FAISS ʙʽʣʽʤ ץʦʨʳʥʜʘ ʩʝʤʘʥʪʠʢʘʣʳץײ ץʩʘʩ 

ʤᴅʣʽʤʝʪʪʝʨʤʝʥ ʩʘʣʳʩʪʳʨʳʣʘʜʳ. ʆʣ װʰʽʥ h ʳʥʘʡʳ ʞᴅʥʝ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʘʨסʘ ʘʨʥʘʣסʘʥ ʞʝʢʝ 

ʠʥʜʝʢʩʪʝʨ ʧʘʡʜʘʣʘʥʳʣʘʜʳ. 

¿ ( x )= 
1  ̊cos (emb ( x ) , emb ( d )) , (4) 

real k i 

di Ԝ top - k REAL retrieved statements 
1 

¿fake ( x )=  ̊cos (emb ( x ) , emb ( d j )) , (5) 

d j Ԝ top - k REAL retrieved statements 

P 

 

( REALˬx )= 
¿real ( x )  

(6) 

RAG ¿real ( x )+¿ fake ( x ) 

DistilBERT ʥᴅʪʠʞʝʩʽ ʤʝʥ RAG ̔ ʟʜʝʫ ʥᴅʪʠʞʝʩʽ ʩʘʣʤʘץʪʘʣסʘʥ ʪװʨʜʝ ʙʽʨʽʢʪʽʨʽʣʝʜʽ. 

bert probreal=bert conf , if labelBERT =REAL (7) 
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bert probreal=1 b̨ert conf , if labelBERT =FAKE (8) 
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¿ j ¿ 

f rag ( x )=Ŭ Ā ber t probreal ( x )+ (1 Ų̆ ) Ā PRAG ( REALˬx ) , Ŭ =0.6 (9) 

labelRAG=REAL , if f rag ( x ) Ó 0.5 , else FAKE (10) 

ʊᴅʞʽʨʠʙʝʣʽʢ ʟʝʨʪʪʝʫʣʝʨ ʥᴅʪʠʞʝʩʽʥʜʝ Ŭ = 0.6 ʤᴅʥʽ ʦשʪʘʡʣʳ ʢʦʵʬʬʠʮʠʝʥʪ ʨʝʪʽʥʜʝ ʪʘשʜʘʣʜʳ. 

ɹʣʦʢʯʝʡʥ ᴅʨʙʽʨ ᴇשʜʝʣʛʝʥ ʞʘשʘʣʳץʪʳש ʭʵʰʽʥ, ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʽ ʞᴅʥʝ ʩʝʥʽʤʜʽʣʽʢ 

ʢʦʵʬʬʠʮʠʝʥʪʽʥ ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʪװʨʜʝ ʩʘץʪʘʡʜʳ. ᴄʨ ʙʣʦʢ ʘʣʜʳסשʳ ʙʣʦʢʪʳש ʭʵʰʽʤʝʥ 

ʙʘʡʣʘʥʳʩʪʳʨʳʣʳʧ, ʪʽʟʙʝʢʪʽש ʪײʪʘʩʪʳסʳ ʪʝʢʩʝʨʽʣʝʜʽ. 

Hi=SHA - 256 ( str ( i )  ti  hnews  vi  str ( ci )  str ( sourcesi )  Hi 1̨) (11) 

verif ychain ()=True  Ԑ i Ó 1 : Hi=SHA -256 ( Bi ¿{H i  ¿}) Bi . pre vhash=H i 1̨ (12) 

 

 
2- ʩʫʨʝʪ. ɹʣʦʢʯʝʡʥ ײץʨʳʣʳʤʳ ʞᴅʥʝ ʙʣʦʢʪʘʨ ʪʽʟʙʝʛʽʥʽש ʪײʪʘʩʪʳסʳʥ ʪʝʢʩʝʨʫ ʤʝʭʘʥʠʟʤʽ 

 

ɽʛʝʨ ʞװʡʝʥʽש ʩʝʥʽʤʜʽʣʽʢ ʢᴇʨʩʝʪʢʽʰʽ ʰʝʢʪʽ ʘʡʤʘץʪʘ ʦʨʥʘʣʘʩʩʘ, ʙʣʦʢʯʝʡʥʜʝ ʩʘץʪʘʣסʘʥ 

ʩʝʤʘʥʪʠʢʘʣʳץײ ץʩʘʩ ʞʘʟʙʘʣʘʨ ʧʘʡʜʘʣʘʥʳʣʳʧ, h ʝʰʽʤʥʽש ʩʝʥʽʤʜʽʣʽʛʽ ץʘʡʪʘ ʝʩʝʧʪʝʣʝʜʽ. 

fˬ rag ( x )0̨.5ˬ ŭˑ , ŭ =0.20 (13) 

N ¿ ( x )={Bj Ԝ chain : cos ( emb ( x ) , emb ( B j . text ))Ó Ű }, Ű =0.65 (14) 

C ( x )=
 1   ̊ B . confidence \(15\) 

chain 
Nˬ Bˬ Ԝ N 

j 

f final ( x )=ɓ Ā f rag ( x )+(1 ɓ̨ ) ĀCchain ( x ) , ɓ=0.6 (16) 

labelfinal=REAL , if  f final ( x ) Ó 0.5 , else FAKE (17) 

ʕʢʩʧʝʨʠʤʝʥʪ ʙʘʨʳʩʳʥʜʘ ʙʣʦʢʯʝʡʥ ʘʣʜʳʥ ʘʣʘ ʦץʳʪʫ ʜʝʨʝʢʪʝʨʽʤʝʥ ʪʦʣʳץʪʳʨʳʣʳʧ, 

ʢʘʣʠʙʨʣʝʫ ʤʝʭʘʥʠʟʤʽ ʪʝʩʪʪʽʢ ʤᴅʣʽʤʝʪʪʝʨʜʽ2,49 ש %-ʳʥʘ ץʦʣʜʘʥʳʣʜʳ. 

 

ʕʂʉʇɽʈʀʄɽʅʊʊɯʂ ɿɽʈʊʊɽʋ. ױʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽʥʽש ʪʠʽʤʜʽʣʽʛʽ LIAR 

ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘ ʙʘסʘʣʘʥʜʳ [4]. ɹײʣ ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳ PolitiFact ʧʦʨʪʘʣʳʥʘʥ 
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ʘʣʳʥסʘʥ 12 836 ʩʘʷʩʠ ʤᴅʣʽʤʜʝʤʝʜʝʥ ʪײʨʘʜʳ ʞᴅʥʝ ʦʣʘʨʜʳש ʰʳʥʘʡʳʣʳסʳ ʘʣʪʳ ʩʘʥʘʪ 

ʙʦʡʳʥʰʘ ʩʘʨʘʧʰʳʣʘʨ ʪʘʨʘʧʳʥʘʥ ʙʘסʘʣʘʥסʘʥ. ɾʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʤʽʥʜʝʪʽʥʝ ʩᴅʡʢʝʩ 

ʤᴅʣʽʤʝʪʪʝʨ ʝʢʽ ʢʣʘʩʩץʘ ʙʽʨʽʢʪʽʨʽʣʜʽ: FAKE (false, pants-fire, barely-true) ʞᴅʥʝ REAL (true, 

mostly-true, half-true). ʕʢʩʧʝʨʠʤʝʥʪ ʙʘʨʳʩʳʥʜʘ ʦץʳʪʫ, ʚʘʣʠʜʘʮʠʷ ʞᴅʥʝ ʪʝʩʪʽʣʝʫ װʰʽʥ 

ʪʠʽʩʽʥʰʝ 10 252, 1 284 ʞᴅʥʝ 1 283 ʞʘʟʙʘ ʧʘʡʜʘʣʘʥʳʣʜʳ. 

װ ʩʘʪʳʥʜʘץʘʣʘʫ ʤʘסʪʠʽʤʜʽʣʽʛʽʥ ʙʘ שʘʥ ᴅʜʽʩʪʽסʩʳʥʳʣױ  hʙʘʟʘʣʳץ ʤʦʜʝʣʴʤʝʥ ʩʘʣʳʩʪʳʨʫ 

ʞװʨʛʽʟʽʣʜʽ: TF-IDF + Logistic Regression, DistilBERT ʞᴅʥʝ ʩʪʘʥʜʘʨʪʪʳ ʙʽʨ ʠʥʜʝʢʩʪʽ RAG 

ʤʦʜʝʣʽ. ɹײʣ ʤʦʜʝʣʴʜʝʨ ײʩʳʥʳʣסʘʥ ʞװʡʝʥʽש ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ ʤʦʜʝʣʴʜʽ, ʝʢʽ ʠʥʜʝʢʩʪʽ ʽʟʜʝʫ 

ʤʝʭʘʥʠʟʤʽʥ ʞᴅʥʝ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʩʳʥ ʙʽʨʽʢʪʽʨʫʜʽש ʪʠʽʤʜʽʣʽʛʽʥ ʙʘסʘʣʘʫסʘ ʤװʤʢʽʥʜʽʢ 

ʙʝʨʝʜʽ. 

ɹʘʨʣʳץ ʪᴅʞʽʨʠʙʝʣʝʨ NVIDIA RTX 3050 (4 ɻɹ VRAM) ʛʨʘʬʠʢʘʣʳץ ʧʨʦʮʝʩʩʦʨʳ ʞᴅʥʝ 

16 ɻɹ ʞʝʜʝʣ ʞʘʜʳ ʙʘʨ ʢʦʤʧʴʶʪʝʨʜʝ ʦʨʳʥʜʘʣʜʳ. ɾװʡʝʥʽ ʽʩʢʝ ʘʩʳʨʫ ʙʘʨʳʩʳʥʜʘ PyTorch, 

HuggingFace Transformers, Sentence-Transformers, FAISS ʞᴅʥʝ Python ʙʘסʜʘʨʣʘʤʘʣʘʫ ʪʽʣʽ 

 ץʩʘʪʳʥʜʘ ʙʘʨʣʳץʘʤʪʘʤʘʩʳʟ ʝʪʫ ʤʘץ ʘʡʪʘʣʘʥʫʳʥץ שʦʣʜʘʥʳʣʜʳ. ʕʢʩʧʝʨʠʤʝʥʪʪʝʨʜʽץ

ʢʝʟʜʝʡʩʦץ ʦʧʝʨʘʮʠʷʣʘʨ װʰʽʥ seed = 42 ʤᴅʥʽ ʧʘʡʜʘʣʘʥʳʣʜʳ. 

 

ʅᴅʪʠʞʝʣʝʨ ʞᴅʥʝ ʪʘʣץʳʣʘʫ. ױʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽʥʽש ʞʽʢʪʝʫ ʩʘʧʘʩʳ LIAR 

ʪʝʩʪʪʽʢ ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘ ʙʘסʘʣʘʥʜʳ. ɹʘסʘʣʘʫ ʥᴅʪʠʞʝʣʝʨʽ Accuracy, Precision, Recall 

ʞᴅʥʝ Weighted F1-score ʢᴇʨʩʝʪʢʽʰʪʝʨʽ ʙʦʡʳʥʰʘ ʞװʨʛʽʟʽʣʜʽ. 

 
2- ʢʝʩʪʝ. LIAR ʪʝʩʪʪʽʢ ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘסʳ ʤʦʜʝʣʴʜʝʨʜʽש ʞʽʢʪʝʫ ʥᴅʪʠʞʝʣʝʨʽ 

Model Accuracy F1 (weighted) Precision Recall 

TF-IDF + LR 0.6235 0.6086 0.6182 0.6235 

DistilBERT 0.6485 0.6416 0.6444 0.6485 

RAG (single-idx) 0.6477 0.6402 0.6436 0.6477 

VeraChain (Proposed) 0.6524 0.6434 0.6489 0.6524 

 

ʂʝʩʪʝʜʝʥ ʢᴇʨʽʥʽʧ ʪײʨסʘʥʜʘʡ, ײʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽ ʙʘʨʣʳץ ʩʘʣʳʩʪʳʨʳʣסʘʥ 

ʤʦʜʝʣʴʜʝʨ ʘʨʘʩʳʥʜʘ ʝש ʞʦסʘʨʳ ʥᴅʪʠʞʝʣʝʨʜʽ ʢᴇʨʩʝʪʪʽ. ɾװʡʝ 65,24 % ʜᴅʣʜʽʢʢʝ ʞᴅʥʝ 0,6434 

ʩʘʣʤʘץʪʘʣסʘʥ F1 ʢᴇʨʩʝʪʢʽʰʽʥʝ ץʦʣ ʞʝʪʢʽʟʜʽ. TF-IDF ʤʦʜʝʣʽʥʝʥ DistilBERT ʤʦʜʝʣʽʥʝ ʢᴇʰʫ 

ʥᴅʪʠʞʝʩʽʥʜʝ ʘʥʳץʪʘʫ ʜᴅʣʜʽʛʽ ʝʜᴅʫʽʨ ʘʨʪץʘʥʳ ʙʘʡץʘʣʘʜʳ. ɸʣ ײʩʳʥʳʣסʘʥ ʝʢʽ ʠʥʜʝʢʩʪʽ RAG 

ʤʝʭʘʥʠʟʤʽ ʙʽʨ ʠʥʜʝʢʩʪʽ RAG ʪᴅʩʽʣʽʥʜʝʛʽ ʽʟʜʝʫ ʳסʳʩʫʳʥ ʘʟʘʡʪʳʧ, ʞʘʣʧʳ ʞʽʢʪʝʫ ʩʘʧʘʩʳʥ 

ʞʘץʩʘʨʪʪʳ. 

 
3- ʩʫʨʝʪ. LIAR ʪʝʩʪʪʽʢ ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘסʳ ʤʦʜʝʣʴʜʝʨʜʽש ʩʘʣʳʩʪʳʨʤʘʣʳ ʥᴅʪʠʞʝʣʝʨʽ 
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 ʘʨʳסʞʦ שʘʣʘʫ ʢᴇʨʩʝʪʢʽʰʪʝʨʽ ʙʦʡʳʥʰʘ ʝסʙʘ ץʡʝʩʽ ʙʘʨʣʳװʘʥ VeraChain ʞסʩʳʥʳʣױ

ʥᴅʪʠʞʝʣʝʨʜʽ ʢᴇʨʩʝʪʪʽ. ױʩʳʥʳʣסʘʥ ʞװʡʝʥʽש ʩʝʥʽʤʜʽʣʽʢ ʢᴇʨʩʝʪʢʽʰʪʝʨʽʥ ʪʘʣʜʘʫ ʙʘʨʳʩʳʥʜʘ 

chain consensus calibration ʤʝʭʘʥʠʟʤʽ ʰʝʢʘʨʘʣʳץ ʞʘסʜʘʡʣʘʨʜʘ ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש 

ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʘʪʳʥʳ ʘʥʳץʪʘʣʜʳ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, ʙʣʦʢʯʝʡʥ ץʘʙʘʪʳ ץʘʙʳʣʜʘʥסʘʥ 

ʰʝʰʽʤʜʝʨʜʽש ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʞʫʨʥʘʣʳʥ ץʘʣʳʧʪʘʩʪʳʨʳʧ, ʦʣʘʨʜʳש ʢʝʡʽʥʛʽ ʪʝʢʩʝʨʽʣʫʽʥ 

 ʘʣʘʥʜʳ. ʆʨʪʘʰʘ ʝʩʝʧʧʝʥ ʙʽʨסʳ ʜʘ ʙʘסʤʳʩ ʞʳʣʜʘʤʜʳײʞ שʡʝʥʽװʘʤʪʘʤʘʩʳʟ ʝʪʝʜʽ. ɾץ

ʞʘשʘʣʳץʪʳ ᴇשʜʝʫ ʫʘץʳʪʳ 35ï40 ʤʩ ʙʦʣʜʳ. ɽʛʝʨ ʞʘשʘʣʳץ ʙײʨʳʥ ᴇשʜʝʣʛʝʥ ʙʦʣʩʘ, SHA-256 

ʭʵʰʽ ʙʦʡʳʥʰʘ ʩᴅʡʢʝʩʪʽʢ ʘʥʳץʪʘʣʳʧ, ʥᴅʪʠʞʝʥʽ ץʘʡʪʘʨʫ ʫʘץʳʪʳ 1 ʤʩ-ʪʘʥ ʪᴇʤʝʥ ʙʦʣʜʳ. 

ɸʣʳʥסʘʥ ʥᴅʪʠʞʝʣʝʨ ײʩʳʥʳʣסʘʥ VeraChain ʞװʡʝʩʽʥʽש ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʜᴅʣʜʽʛʽʥ 

ʘʨʪʪʳʨʳʧ ץʘʥʘ ץʦʡʤʘʡ, ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ, ʩʝʥʽʤʜʽʣʽʛʽʥ ʞᴅʥʝ 

ʪʝʢʩʝʨʽʣʫ ʤװʤʢʽʥʜʽʛʽʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʝʪʽʥʽʥ ʢᴇʨʩʝʪʪʽ. 

 ʤʳʩʪʘ DistilBERT, ʝʢʽ ʠʥʜʝʢʩʪʽ Retrieval-Augmented Generationײʦʨʳʪʳʥʜʳ. ɾפ

(RAG) ʞᴅʥʝ ʙʣʦʢʯʝʡʥ ʪʝʭʥʦʣʦʛʠʷʣʘʨʳʥ ʙʽʨʽʢʪʽʨʝʪʽʥ VeraChain ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ 

ʞװʡʝʩʽ ײʩʳʥʳʣʜʳ. ɾװʡʝʥʽש ʪʠʽʤʜʽʣʽʛʽ LIAR ʜʝʨʝʢʪʝʨ ʞʠʳʥʪʳסʳʥʜʘ ʵʢʩʧʝʨʠʤʝʥʪʪʽʢ ʪװʨʜʝ 

ʙʘסʘʣʘʥʳʧ, ײʩʳʥʳʣסʘʥ ᴅʜʽʩ 65,24 % ʜᴅʣʜʽʢʢʝ ʞᴅʥʝ 0,6434 ʩʘʣʤʘץʪʘʣסʘʥ F1 ʢᴇʨʩʝʪʢʽʰʽʥʝ ץʦʣ 

ʞʝʪʢʽʟʜʽ. ʉʦʥʳʤʝʥ ץʘʪʘʨ, ʩʪʘʥʜʘʨʪʪʳ ʙʽʨ ʠʥʜʝʢʩʪʽ RAG ᴅʜʽʩʽʤʝʥ ʩʘʣʳʩʪʳʨסʘʥʜʘ ʞʘʣסʘʥ 

ʪʝʨʽʩ ʥᴅʪʠʞʝʣʝʨʜʽװ שʣʝʩʽ 6,5 %-סʘ ʪᴇʤʝʥʜʝʜʽ. ױʩʳʥʳʣסʘʥ ʞװʡʝʥʽש ʥʝʛʽʟʛʽ ʝʨʝʢʰʝʣʽʛʽ ï ʝʢʽ 

ʠʥʜʝʢʩʪʽ RAG ʘʨʭʠʪʝʢʪʫʨʘʩʳʥ, chain consensus calibration ʤʝʭʘʥʠʟʤʽʥ ʞᴅʥʝ ʙʣʦʢʯʝʡʥ 

ʥʝʛʽʟʽʥʜʝʛʽ ʘʫʜʠʪ ץʘʙʘʪʳʥ ʙʽʨ ʞװʡʝʜʝ ʙʽʨʽʢʪʽʨʫʽ. ɹײʣ ʪᴅʩʽʣ ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ 

ʜᴅʣʜʽʛʽʥ ʘʨʪʪʳʨʳʧ ץʘʥʘ ץʦʡʤʘʡ, ץʘʙʳʣʜʘʥסʘʥ ʰʝʰʽʤʜʝʨʜʽש ʪװʩʽʥʜʽʨʤʝʣʽʣʽʛʽʥ, ʩʝʥʽʤʜʽʣʽʛʽʥ 

ʞᴅʥʝ ᴇʟʛʝʨʪʽʣʤʝʡʪʽʥ ʪװʨʜʝ ʩʘץʪʘʣʫʳʥ ץʘʤʪʘʤʘʩʳʟ ʝʪʝʜʽ. 

ɿʝʨʪʪʝʫ ʥᴅʪʠʞʝʣʝʨʽ ײʩʳʥʳʣסʘʥ ᴅʜʽʩʪʽש ʞʘʣסʘʥ ʘץʧʘʨʘʪʪʳ ʘʥʳץʪʘʫ ʞװʡʝʣʝʨʽʥʜʝ ץʦʣʜʘʥʫסʘ 

ʧʝʨʩʧʝʢʪʠʚʘʣʳ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʪʽ. ɸʣʜʘסʳ ʫʘץʳʪʪʘ װʣʢʝʥ ʢᴇʣʝʤʜʽ ʪʨʘʥʩʬʦʨʤʝʨʣʽʢ 

ʤʦʜʝʣʴʜʝʨʜʽ ʧʘʡʜʘʣʘʥʫ, ʙʣʦʢʯʝʡʥ ʞʝʣʽʩʽʥ ʢᴇʧʪװʡʽʥʜʽ ʘʨʭʠʪʝʢʪʫʨʘסʘ ʢᴇʰʽʨʫ ʞᴅʥʝ ʙʽʣʽʤ 

 .ʪʠʽʤʜʽʣʽʛʽʥ ʦʜʘʥ ᴅʨʽ ʘʨʪʪʳʨʫ ʞʦʩʧʘʨʣʘʥʫʜʘ שʡʝʥʽװʳʣʳ ʞץʝʡʪʫ ʘʨשʦʨʳʥ ʢʝץ
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Abstract. Accurate interpretation and reporting of genetic variants is a critical task in clinical 

genomics, requiring strict adherence to standardized representations and evidence-based knowledge 

sources. Large Language Models (LLMs) have shown potential for automating variant interpretation 

workflows; however, their reliability in highly specific, identifier-sensitive domains such as genomics 

remains limited. In this study, we investigate a gene-specific clinical report generation task focused on 

pathogenic and likely pathogenic variants of the STXBP1 gene. We conduct a systematic comparison of 

three adaptation strategies: (i) Retrieval-Augmented Generation (RAG) using FAISS-based dense 

retrieval, (ii)  parameter-efficient fine-tuning of a biomedical instruction model using Low-Rank Adaptation 

(LoRA), and (iii)  a hybrid approach combining RAG with fine-tuning. The models are trained and evaluated 

on HGVS-to-report instructionïresponse pairs derived from a curated ClinVar-based dataset. 

Performance is assessed using ROUGE and BLEU metrics to quantify structural similarity and 

terminology accuracy. Experimental results demonstrate that LoRA-based fine-tuning achieves the highest 

generation fidelity, while the hybrid approach suffers from retrieval-induced semantic interference caused b 

y near-miss variant matches. The findings indicate that for narrow, template-driven, single-gene reporting 

tasks, parameter-efficient fine-tuning is more reliable than retrieval-based or hybrid architectures unless 

retrieval precision at the variant level can be substantially improved. 

 

Introduction. Clinical variant interpretation is a core step in medical genetics, where a 

compact variant representation (e.g., an HGVS string) must be mapped to molecular consequence 

and clinically meaningful assertions for downstream decision-making [1, 2]. Standardized 

nomenclatures and interpretation frameworks exist precisely because small notation errors can 

change the biological meaning of a variant and lead to incorrect clinical communication [2, 3]. In 

practice, interpretation workflows are anchored in curated resources such as ClinVar, which 

aggregates submissions and interpretations and is widely used as a reference point for variant-

centric reporting tasks [1]. Despite advances in automation tools, variant interpretation remains 

labor-intensive, subjective, and prone to inconsistencies across laboratories, with discrepancy rates 

reaching 22.6% between automated systems and high-confidence ClinVar classifications [4]. 

Large language models (LLMs) are attractive for this workflow because they can generate 

coherent narrative summaries and follow instruction-style formats that resemble clinical reporting 

[5, 6]. Recent developments in medical-domain LLMs, including models such as BioBERT, 

Bioformer, and domain-adapted variants, have demonstrated promising performance in biomedical 

text mining and information extraction [7, 8]. However, genomics is an unusually strict domain for 

LLMs because correctness often hinges on exact identifiers (gene symbols, transcript context, and 

HGVS semantics) rather than approximate semantic similarity [2, 3, 9]. A fundamental limitation 

remains the propensity for "hallucinations," with documented rates ranging from 25% to over 80% 

depending on model architecture and task complexity [10, 11]. This poses substantial risks in 

clinical genomics where erroneous interpretations can lead to misdiagnosis and adverse patient 

outcomes [11]. 

To address these limitations, most current approaches fall into two practical adaptation 

paradigms: fine-tuning (FT), which pushes domain patterns into model parameters, and retrieval-

augmented generation (RAG), which grounds generation in external text retrieved at inference 

mailto:adilet20052303@gmail.com
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time [5, 12, 13]. In medical applications, RAG-enhanced systems have demonstrated accuracy 

improvements of 24% over base models in some implementations [14]. Modern RAG pipelines 

typically combine dense retrieval with vector indexing systems (e.g., FAISS) to support efficient 

nearest-neighbor search over large text collections [15]. However, retrieval is not trivially solved 

for genomics because short, high-entropy identifiers (such as HGVS strings) can cause near-miss 

retrieval, where similar-but-nonidentical variants are returned and inadvertently contaminate 

generation [9, 16]. 

Conversely, parameter-efficient fine-tuning (PEFT) techniques, particularly Low-Rank 

Adaptation (LoRA), introduce low-rank trainable matrices into transformer layers, requiring only 

0.1-2% of total model parameters to be updated [17]. In genomic applications, LoRA fine-tuning 

has achieved performance competitive with full fine-tuning while dramatically reducing 

computational requirements [13-15]. While FT excels at learning stable domain-specific language 

patterns, emerging evidence suggests that hybrid approaches may offer synergistic benefits, with 

fine-tuning establishing reasoning frameworks while RAG provides dynamic access to rare entity 

information [18]. 

The clinical focus of this study is the STXBP1 gene, which encodes a critical regulator of 

synaptic vesicle docking [16]. Pathogenic variants in STXBP1 constitute a common cause of 

developmental and epileptic encephalopathy (DEE), with an estimated incidence of 3.30-3.81 per 

100,000 births [19]. Seizure onset typically occurs within the first year of life, with 41% of affected 

individuals developing epileptic spasms [19, 20]. The complexity of STXBP1-related phenotypes 

underscores the critical importance of accurate variant interpretation [21]. 

Standard NLP metrics such as BLEU and ROUGE often correlate poorly with clinical utility, 

as they emphasize lexical overlap rather than semantic accuracy [17]. Emerging evaluation 

paradigms now incorporate domain-specific metrics including medical entity accuracy and 

semantic textual similarity assessed via transformer embeddings [22]. In this work, we study a 

controlled setting focused on STXBP1 variants using MedGemma-4B, a medical-domain language 

model trained on diverse medical text, as the foundational architecture [23]. We systematically 

compare (A) a baseline RAG pipeline, (B) LoRA-based fine-tuning, and (C) a hybrid approach to 

establish evidence-based guidance for implementing LLM -driven variant interpretation systems in 

clinical genomics workflows. 

Methodology. In this study, we compared three architectural approaches for the automated 

interpretation of genetic variants in the STXBP1 gene: (A) Retrieval-Augmented Generation 

(RAG), (B) Fine-Tuning using the LoRA method, and (C) a Hybrid approach (RAG + Fine-

Tuning). 

An open-access dataset, ClinVar-STXBP1-NLP-Dataset-Pathogenic by author SkyWhal3, available 

on the Hugging Face platform, was selected as the basis for the experiments. This dataset is a 

specialized collection of curated records from the ClinVar database, containing exclusively 

STXBP1 gene variants with a confirmed clinical status of "Pathogenic" or "Likely Pathogenic." 

The choice of this specific dataset was driven by the need to train the model on highly reliable 

examples of pathogenic mutations that critically affect synaptic transmission. For the purposes of 

our study, the original dataset was modified and adapted to the Instruction Tuning format. The 

preparation process involved data structuring, during which each record was transformed into an 

"Instruction-Response" pair. The instruction included a variant identifier in HGVS format (e.g., 

NC_000017.11:g.42543217G>A), while the target response consisted of a detailed clinical report. 

In the final stage, the data were split into training and testing sets to validate the model's 

generalization capability. The training set consisted of 23,080 HGVS-to-report pairs, while the test 

set comprised 2,250 examples, ensuring a robust and statistically significant evaluation of the 

generation quality. 
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Google MedGemma-4b-it, pre-trained on biomedical texts, was used as the baseline model. 

The experiments were conducted on a computing node equipped with an NVIDIA  RTX PRO 6000 

GPU, which enabled the use of bfloat16 precision for computational optimization. 
 

 

Figure 1. Experimental workflow and comparative analysis of RAG, LoRA, and Hybrid architectures 

 

 

We applied the Low-Rank Adaptation (LoRA) method to adapt the model weights to the 

specific style of genetic reports. This approach allowed for training only the adapters with a rank of 

r=16 (with =32) integrated into the attention modules (q_proj, k_proj, v_proj, o_proj), while 

keeping the core weights of the model frozen. The training was conducted for 1 epoch using the 

AdamW optimizer. For the RAG system, a vector knowledge base was constructed from the 

training set using the FAISS library and the BAAI/bge-small-en-v1.5 embedding model. To 

enhance retrieval accuracy, we applied a Combined Indexing strategy: indexing was performed not 

only on the response text but also on the "Question + Response" concatenation, which mitigated th 

e issue of context loss when searching for short mutation codes. ɺ In the hybrid model, the 

retrieved context was fed as input to the fine-tuned (LoRA) model. 

 

Results. Quality assessment was conducted using automated metrics: ROUGE (to 

evaluate structural text similarity) and BLEU (to evaluate terminology accuracy). While standard 

NLP metrics like ROUGE and BLEU evaluate lexical overlap, they often do not correlate perfectly 

with clinical safety. To address this limitation and ensure factual reliability, we introduced strict 

exact-match metrics. Specifically, we measured Clinical Significance Accuracy (the exact 

match rate for predicting the correct variant status, such as Pathogenic or Benign) and HGVS Exact 

Match to verify that no critical identifiers were hallucinated or altered during generation. 

The fine-tuning process demonstrated stable algorithmic convergence. Analysis of the loss c 

urve indicates that the model successfully minimized error, reaching optimal performance levels. 

The stabilization of validation loss values confirms the appropriateness of the selected 

hyperparameters and the effectiveness of the Early Stopping strategy, which prevented overfitting 

and preserved the model's generalization capability. 
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Figure 2. Training and validation loss dynamics of the MedGemma-4b model during LoRA fine-tuning 

 

 

The results of testing the three architectures are presented in Table 1. 

Table 1. Experimental results of fine-tuned and rag-based models 

Method Rouge-1 Rouge-2 Rouge-L Bleu Clinical 

Significance 

Accuracy 

Fine-Tuned 0.6914 0.2799 0.6913 0.4752 0.6356 

RAG 0.2963 0.1261 0.2960 0.2110 0.0022 

RAG+Fine Tuned 0.4825 0.1498 0.4832 0.2620 0.2844 

 

Experiments showed that for the task of interpreting STXBP1 variants, the Fine-Tuning 

(LoRA) method is the most effective, achieving a ROUGE-L score of 0.69. As demonstrated in 

Table I, relying solely on lexical metrics masks the semantic noise introduced by retrieval 

methods. Evaluated on the strict Clinical Significance Accuracy, the Fine-Tuned model achieved 

63.56%, significantly outperforming both the Hybrid (28.44%) and baseline RAG (0.22%) 

approaches. Furthermore, a strict regex-based audit of the generated short reports revealed a 

100% exact match accuracy for HGVS identifiers and gene symbols. The Fine-Tuned model 

perfectly retained the critical mutation identifiers provided in the prompt, with zero instances of 

clinically dangerous identifier hallucinations across all 2,250 test cases. We observed an 

interference effect in the hybrid approach: adding context from RAG decreased the metrics to 

0.48. This is explained by the high specificity of genetic data: RAG often retrieves similar but not 

identical variants (semantic noise), which leads the fine-tuned model astray. The baseline RAG 

system showed the worst results (0.29), as it lacked the specific style required for medical reports. 
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Figure 3. Comparative performance of evaluation metrics (ROUGE and BLEU) across different models 

 

Conclusion. In this paper, we investigated a gene-specific variant report generation task for 

STXBP1 pathogenic and likely pathogenic variants and compared three practical approaches: 

retrieval-augmented generation, LoRA-based fine-tuning of a biomedical instruction model, and a 

hybrid method that combines retrieval with the fine-tuned generator. Using HGVS-to-report 

instructionïresponse pairs and evaluating with ROUGE and BLEU, we found that LoRA fine-

tuning consistently produced the most faithful clinical-style text, while the pure RAG baseline 

performed worst, and the hybrid setting degraded relative to fine-tuning due to interference from 

retrieved context that was similar but not identical to the target variant. 

Overall, the results indicate that for narrow, template-like reporting in a single-gene setting, 

parameter-efficient fine-tuning is the most reliable option unless retrieval can be made strictly 

variant-aware and noise-resistant. A limitation of the current study is its focus on a single gene 

(STXBP1) and a highly structured dataset. However, this was an intentional proof-of-concept 

design to rigorously isolate and evaluate the architectural differences between retrieval-based 

(RAG) and parametric (LoRA) approaches without the confounding variables of multi-gene 

variance. Having established the superiority of parametric fine-tuning for structured clinical 

reporting, our future work will focus on scaling this pipeline to broader, multi-gene panels and 

more complex clinical genomics tasks. 

Funding. This work was funded by Committee of Science of the Republic of Kazakhstan 
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ʈɸɿʈɸɹʆʊʂɸ ʀʅʊɽʃʃɽʂʊʋɸʃʔʅʓʍ ɸɻɽʅʊʅʓʍ ʉʀʉʊɽʄ ʇʆɼɼɽʈɾʂʀ 

ʇʈʀʅʗʊʀʗ ʈɽʐɽʅʀʁ ɺ ʋʇʈɸɺʃɽʅʀʗ ʌʀʅɸʅʉʆɺʆ-

ʊɽʍʅʆʃʆɻʀʏɽʉʂʀʄʀ ʕʂʆʉʀʉʊɽʄɸʄʀ 

 

ɾ.ɸ. ɸʢʳʣʘʝʚ1, ɻ.ɿ. ɿʠʷʪʙʝʢʦʚʘ1,2 
1ʂʘʟʘʭʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

2ɸʣʤʘʪʠʥʩʢʠʡ ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʫʥʠʚʝʨʩʠʪʝʪ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

 
ɸʥʥʦʪʘʮʠʷ. ʉʦʚʨʝʤʝʥʥʳʝ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʝ ʵʢʦʩʠʩʪʝʤʳ ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ 

ʩʣʦʞʥʳʝ ʜʠʥʘʤʠʯʝʩʢʠʝ ʩʪʨʫʢʪʫʨʳ, ʚ ʢʦʪʦʨʳʭ ʚʟʘʠʤʦʜʝʡʩʪʚʫʶʪ ʙʘʥʢʠ, ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ, 

ʧʨʦʮʝʩʩʠʥʛʦʚʳʝ ʮʝʥʪʨʳ ʠ ʢʦʥʝʯʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʠ. ɺ ʫʩʣʦʚʠʷʭ ʮʠʬʨʦʚʠʟʘʮʠʠ ʵʢʦʥʦʤʠʢʠ ʠ ʨʦʩʪʘ 

ʦʙʲʸʤʦʚ ʪʨʘʥʟʘʢʮʠʡ ʚʦʟʥʠʢʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚ ʩʦʟʜʘʥʠʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ 

ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ, ʩʧʦʩʦʙʥʳʭ ʦʙʝʩʧʝʯʠʚʘʪʴ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʝ ʫʧʨʘʚʣʝʥʠʝ ʪʘʢʠʤʠ 

ʵʢʦʩʠʩʪʝʤʘʤʠ. ɺ ʨʘʙʦʪʝ ʨʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʪʝʦʨʝʪʠʯʝʩʢʠʝ ʠ ʧʨʠʢʣʘʜʥʳʝ ʘʩʧʝʢʪʳ ʨʘʟʨʘʙʦʪʢʠ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʜʣʷ ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ 

ʥʘ ʧʨʠʤʝʨʝ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ Uzcard ʠ Humo. ʇʨʝʜʣʦʞʝʥʘ ʢʦʥʮʝʧʪʫʘʣʴʥʘʷ ʤʦʜʝʣʴ 

ʘʛʝʥʪʥʦʡ ʩʠʩʪʝʤʳ, ʠʥʪʝʛʨʠʨʫʶʱʘʷ ʤʝʪʦʜʳ ʤʦʥʠʪʦʨʠʥʛʘ, ʚʠʟʫʘʣʠʟʘʮʠʠ ʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ 

ʣʦʛʠʨʦʚʘʥʠʷ. ʇʨʦʚʝʜʸʥ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ Visa ʠ MasterCard. 

ʈʘʟʨʘʙʦʪʘʥʳ ʧʦʜʭʦʜʳ ʢ ʩʦʟʜʘʥʠʶ ʜʘʰʙʦʨʜʦʚ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʙʘʥʢʦʤʘʪʦʚ ʠ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ. 

ʆʙʦʩʥʦʚʘʥʘ ʧʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ ʚʥʝʜʨʝʥʠʷ ʘʛʝʥʪʥʳʭ ʪʝʭʥʦʣʦʛʠʡ ʜʣʷ ʧʦʚʳʰʝʥʠʷ 

ʵʬʬʝʢʪʠʚʥʦʩʪʠ, ʥʘʜʸʞʥʦʩʪʠ ʠ ʙʝʟʦʧʘʩʥʦʩʪʠ ʬʠʥʘʥʩʦʚʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʨʝʛʠʦʥʘ ʎʝʥʪʨʘʣʴʥʦʡ 

ɸʟʠʠ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʩʠʩʪʝʤʳ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ 

ʨʝʰʝʥʠʡ, ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʝ ʵʢʦʩʠʩʪʝʤʳ, ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ, Uzcard, Humo, Visa, 

MasterCard, ʤʦʥʠʪʦʨʠʥʛ, ʜʘʰʙʦʨʜʳ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʝ ʣʦʛʠʨʦʚʘʥʠʝ, ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʝ 

ʫʧʨʘʚʣʝʥʠʝ. 

 

ɺʚʝʜʝʥʠʝ. ʉʦʚʨʝʤʝʥʥʳʝ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʝ ʵʢʦʩʠʩʪʝʤʳ ʧʨʝʜʩʪʘʚʣʷʶʪ 

ʩʦʙʦʡ ʩʣʦʞʥʳʝ ʜʠʥʘʤʠʯʝʩʢʠʝ ʩʪʨʫʢʪʫʨʳ, ʚ ʢʦʪʦʨʳʭ ʚʟʘʠʤʦʜʝʡʩʪʚʫʶʪ ʙʘʥʢʠ, ʧʣʘʪʸʞʥʳʝ 

ʩʠʩʪʝʤʳ, ʧʨʦʮʝʩʩʠʥʛʦʚʳʝ ʮʝʥʪʨʳ ʠ ʢʦʥʝʯʥʳʝ ʧʦʣʴʟʦʚʘʪʝʣʠ. ɺ ʫʩʣʦʚʠʷʭ ʮʠʬʨʦʚʠʟʘʮʠʠ 

ʵʢʦʥʦʤʠʢʠ ʠ ʨʦʩʪʘ ʦʙʲʸʤʦʚ ʪʨʘʥʟʘʢʮʠʡ ʚʦʟʥʠʢʘʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚ ʩʦʟʜʘʥʠʠ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ, ʩʧʦʩʦʙʥʳʭ ʦʙʝʩʧʝʯʠʚʘʪʴ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʝ ʫʧʨʘʚʣʝʥʠʝ ʪʘʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. 

ɸʢʪʫʘʣʴʥʦʩʪʴ ʠʩʩʣʝʜʦʚʘʥʠʷ ʦʧʨʝʜʝʣʷʝʪʩʷ ʥʝʩʢʦʣʴʢʠʤʠ ʬʘʢʪʦʨʘʤʠ: 

Å ʈʦʩʪ ʦʙʲʸʤʦʚ ʪʨʘʥʟʘʢʮʠʡ ʚ ʥʘʮʠʦʥʘʣʴʥʳʭ ʠ ʤʝʞʜʫʥʘʨʦʜʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ 

(Uzcard, Humo, Visa, MasterCard). 

Å ʅʝʦʙʭʦʜʠʤʦʩʪʴ ʘʚʪʦʤʘʪʠʟʘʮʠʠ ʧʨʦʮʝʩʩʦʚ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ. 

Å ʇʦʚʳʰʝʥʠʝ ʪʨʝʙʦʚʘʥʠʡ ʢ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʩʢʦʨʦʩʪʠ ʦʙʨʘʙʦʪʢʠ ʬʠʥʘʥʩʦʚʳʭ ʦʧʝʨʘʮʠʡ. 

Å ʈʘʟʚʠʪʠʝ ʘʛʝʥʪʥʳʭ ʪʝʭʥʦʣʦʛʠʡ, ʧʦʟʚʦʣʷʶʱʠʭ ʤʦʜʝʣʠʨʦʚʘʪʴ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ 

ʧʦʚʝʜʝʥʠʝ ʫʯʘʩʪʥʠʢʦʚ ʵʢʦʩʠʩʪʝʤʳ. 

ʎʝʣʴʶ ʨʘʙʦʪʳ ʷʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʪʝʦʨʝʪʠʯʝʩʢʠʭ ʠ ʧʨʠʢʣʘʜʥʳʭ ʦʩʥʦʚ ʧʦʩʪʨʦʝʥʠʷ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʦʤ 

ʫʧʨʘʚʣʝʥʠʠ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. 

ɿʘʜʘʯʠ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚʢʣʶʯʘʶʪ: 

Å ɸʥʘʣʠʟ ʩʫʱʝʩʪʚʫʶʱʠʭ ʧʦʜʭʦʜʦʚ ʢ ʧʦʩʪʨʦʝʥʠʶ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ. 

Å ʀʩʩʣʝʜʦʚʘʥʠʝ ʩʪʘʪʠʩʪʠʢʠ ʪʨʘʥʟʘʢʮʠʡ ʚ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ Uzcard ʠ Humo, ʘ ʪʘʢʞʝ 

ʩʨʘʚʥʝʥʠʝ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ Visa ʠ MasterCard. 

Å ʈʘʟʨʘʙʦʪʢʘ ʜʘʰʙʦʨʜʦʚ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʨʘʙʦʪʳ ʙʘʥʢʦʤʘʪʦʚ ʠ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ. 

Å ʌʦʨʤʠʨʦʚʘʥʠʝ ʤʝʪʦʜʦʣʦʛʠʠ ʣʦʛʠʨʦʚʘʥʠʷ ʠ ʘʥʘʣʠʟʘ ʦʪʢʘʟʦʚ. 

Å ʆʙʦʩʥʦʚʘʥʠʝ ʥʘʫʯʥʦʡ ʥʦʚʠʟʥʳ ʠ ʧʨʘʢʪʠʯʝʩʢʦʡ ʟʥʘʯʠʤʦʩʪʠ ʧʨʝʜʣʦʞʝʥʥʦʡ ʤʦʜʝʣʠ. 
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ʅʘʫʯʥʘʷ ʥʦʚʠʟʥʘ ʨʘʙʦʪʳ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʠʥʪʝʛʨʘʮʠʠ ʤʝʪʦʜʦʚ ʘʛʝʥʪʥʦʛʦ ʤʦʜʝʣʠʨʦʚʘʥʠʷ 

ʩ ʠʥʩʪʨʫʤʝʥʪʘʤʠ ʚʠʟʫʘʣʠʟʘʮʠʠ ʠ ʤʦʥʠʪʦʨʠʥʛʘ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʧʦʚʳʩʠʪʴ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. ʇʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ 

ʠʩʩʣʝʜʦʚʘʥʠʷ ʩʦʩʪʦʠʪ ʚ ʚʦʟʤʦʞʥʦʩʪʠ ʧʨʠʤʝʥʝʥʠʷ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʤʦʜʝʣʝʡ ʠ ʜʘʰʙʦʨʜʦʚ ʜʣʷ 

ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ (Uzcard, Humo), ʘ ʪʘʢʞʝ ʜʣʷ ʠʥʪʝʛʨʘʮʠʠ ʩ 

ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ Visa ʠ MasterCard. 

ɼʣʷ ʥʘʫʯʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚʘʞʥʦ ʧʦʢʘʟʘʪʴ ʢʦʣʠʯʝʩʪʚʝʥʥʳʝ ʜʘʥʥʳʝ ʧʦ ʙʘʥʢʦʤʘʪʘʤ ʠ 

ʧʣʘʪʸʞʥʳʤ ʩʠʩʪʝʤʘʤ. ʅʠʞʝ ʧʨʠʚʝʜʝʥʳ ʧʨʠʤʝʨʥʳʝ ʧʦʢʘʟʘʪʝʣʠ ʜʣʷ Uzcard, Humo, ʘ ʪʘʢʞʝ 

ʜʣʷ ʤʝʞʜʫʥʘʨʦʜʥʳʭ ʩʠʩʪʝʤ Visa ʠ MasterCard. 
 

ɼʣʷ ʚʠʟʫʘʣʠʟʘʮʠʠ ʜʘʥʥʳʭ ʧʦ ʙʘʥʢʦʤʘʪʘʤ ʠ ʧʣʘʪʸʞʥʳʤ ʩʠʩʪʝʤʘʤ ʤʦʞʥʦ 

ʠʩʧʦʣʴʟʦʚʘʪʴ: 

Å Grafana ð ʛʨʘʬʠʢʠ ʪʨʘʥʟʘʢʮʠʡ ʧʦ ʚʨʝʤʝʥʠ ʩʫʪʦʢ, ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʦʪʢʘʟʦʚ. 

Å Kibana ð ʘʥʘʣʠʟ ʣʦʛʦʚ, ʚʳʷʚʣʝʥʠʝ ʦʰʠʙʦʢ ʠ ʧʨʦʙʣʝʤʥʳʭ ʫʟʣʦʚ. 

Å Power BI ð ʙʠʟʥʝʩ-ʘʥʘʣʠʪʠʢʘ, ʦʪʯʸʪʳ ʧʦ ʦʙʲʸʤʘʤ ʪʨʘʥʟʘʢʮʠʡ ʠ ʤʝʞʙʘʥʢʦʚʩʢʠʤ 

ʧʝʨʝʚʦʜʘʤ. 

ʇʨʠʤʝʨ ʚʠʟʫʘʣʠʟʘʮʠʠ: 

Å ʃʠʥʝʡʥʳʡ ʛʨʘʬʠʢ ʢʦʣʠʯʝʩʪʚʘ ʪʨʘʥʟʘʢʮʠʡ Uzcard ʠ Humo ʧʦ ʯʘʩʘʤ ʩʫʪʦʢ. 

Å ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʦʪʢʘʟʦʚ ʙʘʥʢʦʤʘʪʦʚ ʧʦ ʨʝʛʠʦʥʘʤ. 

Å ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʩʪʦʣʙʯʘʪʳʡ ʛʨʘʬʠʢ Visa ʠ MasterCard ʧʦ ʩʨʝʜʥʝʤʫ ʯʝʢʫ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʩʪʘʪʠʩʪʠʢʘ ʠ ʜʘʰʙʦʨʜʳ ʧʦʟʚʦʣʷʶʪ ʧʦʢʘʟʘʪʴ ʥʘʫʯʥʳʡ ʧʦʜʭʦʜ ʢ 

ʠʩʩʣʝʜʦʚʘʥʠʶ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ Uzcard ʠ Humo, ʘ ʪʘʢʞʝ ʩʨʘʚʥʠʪʴ ʠʭ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ 

ʩʠʩʪʝʤʘʤʠ Visa ʠ MasterCard. 

ʈʘʟʨʘʙʦʪʢʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤʘʭ ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ 

ʠʤʝʝʪ ʚʳʩʦʢʫʶ ʘʢʪʫʘʣʴʥʦʩʪʴ ʧʦ ʨʷʜʫ ʧʨʠʯʠʥ: 

Å ʈʦʩʪ ʧʣʘʪʝʞʥʳʭ ʩʠʩʪʝʤ. ʇʦʤʠʤʦ ʪʨʘʜʠʮʠʦʥʥʳʭ ʠʛʨʦʢʦʚ ð Visa ʠ MasterCard ð 

ʘʢʪʠʚʥʦ ʨʘʟʚʠʚʘʶʪʩʷ ʥʘʮʠʦʥʘʣʴʥʳʝ ʠ ʨʝʛʠʦʥʘʣʴʥʳʝ ʩʠʩʪʝʤʳ (ʥʘʧʨʠʤʝʨ, çʄʠʨè, UnionPay, 

RuPay), ʘ ʪʘʢʞʝ ʥʦʚʳʝ ʮʠʬʨʦʚʳʝ ʧʣʘʪʬʦʨʤʳ (PayPal, Apple Pay, Google Pay). ʕʪʦ ʩʦʟʜʘʸʪ 

ʤʥʦʛʦʦʙʨʘʟʠʝ ʠʥʬʨʘʩʪʨʫʢʪʫʨ, ʪʨʝʙʫʶʱʠʭ ʫʥʠʬʠʮʠʨʦʚʘʥʥʳʭ ʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʤʝʪʦʜʦʚ 

ʫʧʨʘʚʣʝʥʠʷ. 

Å ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʘʷ ʧʦʜʜʝʨʞʢʘ ʨʝʰʝʥʠʡ. ɺ ʫʩʣʦʚʠʷʭ ʤʥʦʛʦʩʣʦʡʥʳʭ ʵʢʦʩʠʩʪʝʤ (ʙʘʥʢʠ, 

ʬʠʥʪʝʭ-ʩʪʘʨʪʘʧʳ, ʧʣʘʪʸʞʥʳʝ ʰʣʶʟʳ, ʢʨʠʧʪʦʚʘʣʶʪʥʳʝ ʧʣʘʪʬʦʨʤʳ) ʥʝʦʙʭʦʜʠʤʳ ʘʛʝʥʪʥʳʝ 

ʩʠʩʪʝʤʳ, ʩʧʦʩʦʙʥʳʝ ʘʥʘʣʠʟʠʨʦʚʘʪʴ ʙʦʣʴʰʠʝ ʦʙʲʸʤʳ ʜʘʥʥʳʭ, ʚʳʷʚʣʷʪʴ ʘʥʦʤʘʣʠʠ ʠ 

ʧʨʝʜʣʘʛʘʪʴ ʦʧʪʠʤʘʣʴʥʳʝ ʩʮʝʥʘʨʠʠ ʜʝʡʩʪʚʠʡ. 

Å ʄʦʥʠʪʦʨʠʥʛ ʠ ʜʘʰʙʦʨʜʳ. ʉʦʚʨʝʤʝʥʥʳʝ ɸʉʋ ʜʦʣʞʥʳ ʦʙʝʩʧʝʯʠʚʘʪʴ ʧʨʦʟʨʘʯʥʦʩʪʴ 

ʧʨʦʮʝʩʩʦʚ ʯʝʨʝʟ ʚʠʟʫʘʣʠʟʘʮʠʶ ʢʣʶʯʝʚʳʭ ʤʝʪʨʠʢ: ʪʨʘʥʟʘʢʮʠʠ, ʦʪʢʘʟʦʫʩʪʦʡʯʠʚʦʩʪʴ, 

ʥʘʛʨʫʟʢʘ ʥʘ ʩʝʪʴ, ʫʨʦʚʝʥʴ ʤʦʰʝʥʥʠʯʝʩʢʦʡ ʘʢʪʠʚʥʦʩʪʠ. ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʜʘʰʙʦʨʜʳ 

ʧʦʟʚʦʣʷʶʪ ʥʝ ʪʦʣʴʢʦ ʦʪʦʙʨʘʞʘʪʴ ʜʘʥʥʳʝ, ʥʦ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʨʠʩʢʠ. 

Å ʃʦʛʠʨʦʚʘʥʠʝ ʠ ʙʝʟʦʧʘʩʥʦʩʪʴ. ɼʣʷ ʙʘʥʢʦʤʘʪʦʚ (ɸʊʄ) ʠ ʧʣʘʪʸʞʥʳʭ ʪʝʨʤʠʥʘʣʦʚ 

ʢʨʠʪʠʯʥʦ ʚʝʩʪʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʝ ʣʦʛʠʨʦʚʘʥʠʝ, ʢʦʪʦʨʦʝ ʥʝ ʧʨʦʩʪʦ ʬʠʢʩʠʨʫʝʪ ʩʦʙʳʪʠʷ, ʥʦ ʠ 
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ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʢʣʘʩʩʠʬʠʮʠʨʫʝʪ ʠʭ ʧʦ ʫʨʦʚʥʶ ʨʠʩʢʘ, ʬʦʨʤʠʨʫʝʪ ʦʪʯʸʪʳ ʜʣʷ ʩʣʫʞʙ 

ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʨʝʛʫʣʠʨʫʶʱʠʭ ʦʨʛʘʥʦʚ. 

Å ʆʧʪʠʤʠʟʘʮʠʷ ʨʘʙʦʪʳ. ʅʦʚʳʝ ʤʝʪʦʜʳ ʜʦʣʞʥʳ ʦʙʝʩʧʝʯʠʚʘʪʴ ʙʘʣʘʥʩ ʤʝʞʜʫ ʩʢʦʨʦʩʪʴʶ 

ʪʨʘʥʟʘʢʮʠʡ, ʙʝʟʦʧʘʩʥʦʩʪʴʶ ʠ ʟʘʪʨʘʪʘʤʠ ʥʘ ʠʥʬʨʘʩʪʨʫʢʪʫʨʫ. ɸʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʤʦʛʫʪ 

ʜʠʥʘʤʠʯʝʩʢʠ ʧʝʨʝʨʘʩʧʨʝʜʝʣʷʪʴ ʨʝʩʫʨʩʳ, ʩʥʠʞʘʷ ʠʟʜʝʨʞʢʠ ʠ ʧʦʚʳʰʘʷ ʥʘʜʸʞʥʦʩʪʴ. 

ʎʝʣʴʶ ʥʘʩʪʦʷʱʝʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʷʚʣʷʝʪʩʷ ʨʘʟʨʘʙʦʪʢʘ ʠ ʦʙʦʩʥʦʚʘʥʠʝ ʪʝʦʨʝʪʠʯʝʩʢʠʭ ʠ 

ʧʨʠʢʣʘʜʥʳʭ ʧʦʜʭʦʜʦʚ ʢ ʧʦʩʪʨʦʝʥʠʶ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ 

ʧʨʠʥʷʪʠʷ   ʨʝʰʝʥʠʡ   ʚ   ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ   ʩʠʩʪʝʤʘʭ   ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-

ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. ɺ ʨʘʤʢʘʭ ʨʘʙʦʪʳ ʧʨʝʜʧʦʣʘʛʘʝʪʩʷ ʩʦʟʜʘʥʠʝ 

ʢʦʥʮʝʧʪʫʘʣʴʥʦʡ ʤʦʜʝʣʠ, ʩʧʦʩʦʙʥʦʡ ʠʥʪʝʛʨʠʨʦʚʘʪʴ ʤʝʪʦʜʳ ʤʦʥʠʪʦʨʠʥʛʘ, ʚʠʟʫʘʣʠʟʘʮʠʠ ʠ 

ʣʦʛʠʨʦʚʘʥʠʷ, ʘ ʪʘʢʞʝ ʦʙʝʩʧʝʯʠʚʘʪʴ ʦʧʪʠʤʠʟʘʮʠʶ ʧʨʦʮʝʩʩʦʚ ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ ʧʣʘʪʸʞʥʦʡ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ. 

ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʫʜʝʣʷʝʪʩʷ ʠʟʫʯʝʥʠʶ ʩʧʝʮʠʬʠʢʠ ʨʝʛʠʦʥʘʣʴʥʦʛʦ ʨʳʥʢʘ ʎʝʥʪʨʘʣʴʥʦʡ 

ɸʟʠʠ, ʛʜʝ ʢʣʶʯʝʚʳʤʠ ʵʣʝʤʝʥʪʘʤʠ ʥʘʮʠʦʥʘʣʴʥʦʡ ʬʠʥʘʥʩʦʚʦʡ ʵʢʦʩʠʩʪʝʤʳ ʚʳʩʪʫʧʘʶʪ 

ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Humo ʠ Uzcard. ʀʭ ʨʘʟʚʠʪʠʝ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ʥʝʦʙʭʦʜʠʤʦʩʪʴ ʚʥʝʜʨʝʥʠʷ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʠʥʩʪʨʫʤʝʥʪʦʚ ʫʧʨʘʚʣʝʥʠʷ, ʩʧʦʩʦʙʥʳʭ ʫʯʠʪʳʚʘʪʴ ʣʦʢʘʣʴʥʳʝ 

ʦʩʦʙʝʥʥʦʩʪʠ, ʠʥʪʝʛʨʘʮʠʶ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ ʠ ʪʨʝʙʦʚʘʥʠʷ ʢ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

ɼʣʷ ʜʦʩʪʠʞʝʥʠʷ ʧʦʩʪʘʚʣʝʥʥʦʡ ʮʝʣʠ ʚ ʨʘʙʦʪʝ ʨʝʰʘʶʪʩʷ ʩʣʝʜʫʶʱʠʝ ʟʘʜʘʯʠ: 

Å ʧʨʦʚʝʜʝʥʠʝ ʢʦʤʧʣʝʢʩʥʦʛʦ ʘʥʘʣʠʟʘ ʩʦʚʨʝʤʝʥʥʦʛʦ ʩʦʩʪʦʷʥʠʷ 

ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ ʠ ʚʳʷʚʣʝʥʠʝ ʢʣʶʯʝʚʳʭ ʧʨʦʙʣʝʤ ʠʭ 

ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ; 

Å ʨʘʟʨʘʙʦʪʢʘ ʘʨʭʠʪʝʢʪʫʨʥʳʭ ʧʨʠʥʮʠʧʦʚ ʧʦʩʪʨʦʝʥʠʷ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ, 

ʦʨʠʝʥʪʠʨʦʚʘʥʥʳʭ ʥʘ ʤʥʦʛʦʩʣʦʡʥʦʩʪʴ ʠ ʨʘʩʧʨʝʜʝʣʸʥʥʦʩʪʴ ʧʨʦʮʝʩʩʦʚ; 

Å ʬʦʨʤʠʨʦʚʘʥʠʝ ʤʝʪʦʜʦʚ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʜʘʰʙʦʨʜʦʚ, 

ʦʙʝʩʧʝʯʠʚʘʶʱʠʭ ʧʨʦʟʨʘʯʥʦʩʪʴ ʠ ʧʨʝʜʠʢʪʠʚʥʳʡ ʘʥʘʣʠʟ ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ; 

Å ʩʦʟʜʘʥʠʝ ʤʝʭʘʥʠʟʤʦʚ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʣʦʛʠʨʦʚʘʥʠʷ ʜʣʷ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ, 

ʧʦʟʚʦʣʷʶʱʠʭ ʚʳʷʚʣʷʪʴ ʘʥʦʤʘʣʠʠ ʠ ʢʣʘʩʩʠʬʠʮʠʨʦʚʘʪʴ ʩʦʙʳʪʠʷ ʧʦ ʫʨʦʚʥʶ ʨʠʩʢʘ; 

Å ʨʘʟʨʘʙʦʪʢʘ ʘʣʛʦʨʠʪʤʦʚ ʦʧʪʠʤʠʟʘʮʠʠ ʨʘʙʦʪʳ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ, ʥʘʧʨʘʚʣʝʥʥʳʭ ʥʘ 

ʧʦʚʳʰʝʥʠʝ ʩʢʦʨʦʩʪʠ ʪʨʘʥʟʘʢʮʠʡ, ʩʥʠʞʝʥʠʝ ʠʟʜʝʨʞʝʢ ʠ ʦʙʝʩʧʝʯʝʥʠʝ ʫʩʪʦʡʯʠʚʦʩʪʠ; 

Å ʧʨʦʚʝʜʝʥʠʝ ʤʦʜʝʣʠʨʦʚʘʥʠʷ ʠ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʭ ʠʩʩʣʝʜʦʚʘʥʠʡ ʜʣʷ ʦʮʝʥʢʠ 

ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʧʨʝʜʣʦʞʝʥʥʳʭ ʤʝʪʦʜʦʚ ʚ ʫʩʣʦʚʠʷʭ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ 

ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʮʝʣʠ ʠ ʟʘʜʘʯʠ ʠʩʩʣʝʜʦʚʘʥʠʷ ʥʘʧʨʘʚʣʝʥʳ ʥʘ ʬʦʨʤʠʨʦʚʘʥʠʝ ʥʘʫʯʥʦʡ ʠ 

ʧʨʘʢʪʠʯʝʩʢʦʡ ʙʘʟʳ ʜʣʷ ʩʦʟʜʘʥʠʷ ʥʦʚʦʛʦ ʧʦʢʦʣʝʥʠʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ, 

ʩʧʦʩʦʙʥʳʭ ʦʙʝʩʧʝʯʠʪʴ ʫʩʪʦʡʯʠʚʦʝ ʨʘʟʚʠʪʠʝ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ ʠ 

ʧʦʚʳʩʠʪʴ ʢʦʥʢʫʨʝʥʪʦʩʧʦʩʦʙʥʦʩʪʴ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ ʨʝʛʠʦʥʘ. 

ʅʘʫʯʥʘʷ ʥʦʚʠʟʥʘ ʨʘʙʦʪʳ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʢʦʤʧʣʝʢʩʥʦʤ ʧʦʜʭʦʜʝ ʢ ʨʘʟʨʘʙʦʪʢʝ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʧʦʜʜʝʨʞʢʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ 

ʩʠʩʪʝʤʘʭ ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ, ʢʦʪʦʨʳʡ ʫʯʠʪʳʚʘʝʪ ʢʘʢ 

ʛʣʦʙʘʣʴʥʳʝ ʪʝʥʜʝʥʮʠʠ, ʪʘʢ ʠ ʨʝʛʠʦʥʘʣʴʥʫʶ ʩʧʝʮʠʬʠʢʫ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ. 

ʆʩʥʦʚʥʳʝ ʧʦʣʦʞʝʥʠʷ ʥʦʚʠʟʥʳ ʤʦʞʥʦ ʩʬʦʨʤʫʣʠʨʦʚʘʪʴ ʩʣʝʜʫʶʱʠʤ ʦʙʨʘʟʦʤ: 

Å ɺʧʝʨʚʳʝ ʧʨʝʜʣʦʞʝʥʘ ʢʦʥʮʝʧʪʫʘʣʴʥʘʷ ʤʦʜʝʣʴ ʘʛʝʥʪʥʦʡ ʩʠʩʪʝʤʳ, ʦʨʠʝʥʪʠʨʦʚʘʥʥʘʷ ʥʘ 

ʠʥʪʝʛʨʘʮʠʶ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ Humo ʠ Uzcard ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ 

ʧʣʘʪʸʞʥʳʤʠ ʧʣʘʪʬʦʨʤʘʤʠ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʦʟʤʦʞʥʦʩʪʴ ʫʥʠʬʠʮʠʨʦʚʘʥʥʦʛʦ 

ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʫʧʨʘʚʣʝʥʠʷ. 

Å ʈʘʟʨʘʙʦʪʘʥʳ ʥʦʚʳʝ ʤʝʪʦʜʳ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʚʠʟʫʘʣʠʟʘʮʠʠ 

(ʜʘʰʙʦʨʜʳ), ʢʦʪʦʨʳʝ ʥʝ ʪʦʣʴʢʦ ʬʠʢʩʠʨʫʶʪ ʪʝʢʫʱʝʝ ʩʦʩʪʦʷʥʠʝ ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ, 

ʥʦ ʠ ʨʝʘʣʠʟʫʶʪ ʧʨʝʜʠʢʪʠʚʥʳʡ ʘʥʘʣʠʟ ʨʠʩʢʦʚ ʠ ʦʪʢʘʟʦʫʩʪʦʡʯʠʚʦʩʪʠ. 
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Å ʇʨʝʜʣʦʞʝʥ ʦʨʠʛʠʥʘʣʴʥʳʡ ʧʦʜʭʦʜ ʢ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʤʫ ʣʦʛʠʨʦʚʘʥʠʶ ʚ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʝ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ, ʧʦʟʚʦʣʷʶʱʠʡ ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʢʣʘʩʩʠʬʠʮʠʨʦʚʘʪʴ 

ʩʦʙʳʪʠʷ ʧʦ ʫʨʦʚʥʷʤ ʨʠʩʢʘ ʠ ʬʦʨʤʠʨʦʚʘʪʴ ʘʥʘʣʠʪʠʯʝʩʢʠʝ ʦʪʯʸʪʳ ʜʣʷ ʩʣʫʞʙ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

Å ʉʬʦʨʤʠʨʦʚʘʥʳ ʘʣʛʦʨʠʪʤʳ ʦʧʪʠʤʠʟʘʮʠʠ ʨʘʙʦʪʳ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ, ʫʯʠʪʳʚʘʶʱʠʝ 

ʩʧʝʮʠʬʠʢʫ ʚʳʩʦʢʦʥʘʛʨʫʞʝʥʥʳʭ ʪʨʘʥʟʘʢʮʠʦʥʥʳʭ ʧʦʪʦʢʦʚ ʚ ʫʩʣʦʚʠʷʭ ʨʝʛʠʦʥʘʣʴʥʳʭ 

ʵʢʦʩʠʩʪʝʤ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ, ʯʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ ʧʦʚʳʰʝʥʠʝ ʩʢʦʨʦʩʪʠ ʦʙʨʘʙʦʪʢʠ ʦʧʝʨʘʮʠʡ 

ʧʨʠ ʩʥʠʞʝʥʠʠ ʠʥʬʨʘʩʪʨʫʢʪʫʨʥʳʭ ʠʟʜʝʨʞʝʢ. 

Å ɺʚʝʜʝʥʳ ʢʨʠʪʝʨʠʠ ʦʮʝʥʢʠ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ, ʧʦʟʚʦʣʷʶʱʠʝ ʧʨʦʚʦʜʠʪʴ 

ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʠ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʝ ʠʩʩʣʝʜʦʚʘʥʠʷ ʚ ʫʩʣʦʚʠʷʭ ʨʝʘʣʴʥʳʭ ʥʘʮʠʦʥʘʣʴʥʳʭ 

ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ, ʯʪʦ ʨʘʥʝʝ ʥʝ ʧʨʠʤʝʥʷʣʦʩʴ ʚ ʢʦʤʧʣʝʢʩʥʦʤ ʚʠʜʝ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʥʘʫʯʥʘʷ ʥʦʚʠʟʥʘ ʨʘʙʦʪʳ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʨʘʟʨʘʙʦʪʢʝ ʠ ʘʧʨʦʙʘʮʠʠ ʥʦʚʳʭ 

ʤʝʪʦʜʦʚ ʧʦʩʪʨʦʝʥʠʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ, ʢʦʪʦʨʳʝ ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʫʩʪʦʡʯʠʚʦʝ ʠ ʦʧʪʠʤʘʣʴʥʦʝ ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʝ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ, ʘ 

ʪʘʢʞʝ ʫʯʠʪʳʚʘʶʪ ʦʩʦʙʝʥʥʦʩʪʠ ʨʘʟʚʠʪʠʷ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ ʎʝʥʪʨʘʣʴʥʦʡ 

ɸʟʠʠ. 

ɸʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʠ ʠʭ ʨʦʣʴ ʚ ʫʧʨʘʚʣʝʥʠʠ. ɺ ʩʦʚʨʝʤʝʥʥʳʭ ʫʩʣʦʚʠʷʭ ʮʠʬʨʦʚʠʟʘʮʠʠ 

ʵʢʦʥʦʤʠʢʠ ʠ ʫʩʣʦʞʥʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ ʦʩʦʙʦʝ ʟʥʘʯʝʥʠʝ 

ʧʨʠʦʙʨʝʪʘʶʪ ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ, ʧʨʝʜʩʪʘʚʣʷʶʱʠʝ ʩʦʙʦʡ ʩʦʚʦʢʫʧʥʦʩʪʴ ʧʨʦʛʨʘʤʤʥʳʭ ʠ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʢʦʤʧʦʥʝʥʪʦʚ, ʩʧʦʩʦʙʥʳʭ ʜʝʡʩʪʚʦʚʘʪʴ ʘʚʪʦʥʦʤʥʦ, ʚʟʘʠʤʦʜʝʡʩʪʚʦʚʘʪʴ 

ʤʝʞʜʫ ʩʦʙʦʡ ʠ ʧʨʠʥʠʤʘʪʴ ʨʝʰʝʥʠʷ ʥʘ ʦʩʥʦʚʝ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ. ɸʛʝʥʪʥʘʷ ʩʠʩʪʝʤʘ 

ʦʧʨʝʜʝʣʷʝʪʩʷ ʢʘʢ ʨʘʩʧʨʝʜʝʣʸʥʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ, ʛʜʝ ʢʘʞʜʳʡ ʘʛʝʥʪ ʦʙʣʘʜʘʝʪ ʩʦʙʩʪʚʝʥʥʳʤʠ 

ʮʝʣʷʤʠ, ʟʥʘʥʠʷʤʠ ʠ ʤʝʭʘʥʠʟʤʘʤʠ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʪʨʘʜʠʮʠʦʥʥʳʭ 

ʮʝʥʪʨʘʣʠʟʦʚʘʥʥʳʭ ʩʠʩʪʝʤ, ʘʛʝʥʪʥʳʝ ʧʦʜʭʦʜʳ ʦʙʝʩʧʝʯʠʚʘʶʪ ʛʠʙʢʦʩʪʴ, ʘʜʘʧʪʠʚʥʦʩʪʴ ʠ 

ʚʦʟʤʦʞʥʦʩʪʴ ʤʘʩʰʪʘʙʠʨʦʚʘʥʠʷ. ʕʪʦ ʦʩʦʙʝʥʥʦ ʚʘʞʥʦ ʜʣʷ ʬʠʥʘʥʩʦʚʳʭ ʵʢʦʩʠʩʪʝʤ, ʛʜʝ 

ʪʨʘʥʟʘʢʮʠʦʥʥʳʝ ʧʦʪʦʢʠ ʭʘʨʘʢʪʝʨʠʟʫʶʪʩʷ ʚʳʩʦʢʦʡ ʜʠʥʘʤʠʢʦʡ ʠ ʥʝʦʧʨʝʜʝʣʸʥʥʦʩʪʴʶ. 

ʈʦʣʴ ʚ ʫʧʨʘʚʣʝʥʠʠ: 

Å ɸʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʧʦʟʚʦʣʷʶʪ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʦʪʩʣʝʞʠʚʘʪʴ ʩʦʩʪʦʷʥʠʝ ʧʣʘʪʸʞʥʦʡ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ, ʚʳʷʚʣʷʪʴ ʘʥʦʤʘʣʠʠ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʚʦʟʤʦʞʥʳʝ ʩʙʦʠ. 

Å ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʘʛʝʥʪʳ ʬʦʨʤʠʨʫʶʪ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʣʷ ʦʧʝʨʘʪʦʨʦʚ ʠ ʫʧʨʘʚʣʷʶʱʠʭ 

ʩʪʨʫʢʪʫʨ, ʩʥʠʞʘʷ ʨʠʩʢ ʦʰʠʙʦʢ ʠ ʧʦʚʳʰʘʷ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʫʧʨʘʚʣʝʥʯʝʩʢʠʭ ʨʝʰʝʥʠʡ. 

Å ʉ ʧʦʤʦʱʴʶ ʘʛʝʥʪʥʳʭ ʘʣʛʦʨʠʪʤʦʚ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʜʠʥʘʤʠʯʝʩʢʦʝ ʧʝʨʝʨʘʩʧʨʝʜʝʣʝʥʠʝ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʠ ʩʝʪʝʚʳʭ ʨʝʩʫʨʩʦʚ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʩʥʠʞʘʪʴ ʠʟʜʝʨʞʢʠ ʠ ʧʦʚʳʰʘʪʴ 

ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ. 

Å ɺ ʢʦʥʪʝʢʩʪʝ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ ʦʩʦʙʦʝ ʟʥʘʯʝʥʠʝ ʠʤʝʝʪ ʠʥʪʝʛʨʘʮʠʷ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʩ 

ʥʘʮʠʦʥʘʣʴʥʳʤʠ ʧʣʘʪʸʞʥʳʤʠ ʧʣʘʪʬʦʨʤʘʤʠ Humo ʠ Uzcard. ʕʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʫʥʠʬʠʮʠʨʦʚʘʥʥʦʝ ʫʧʨʘʚʣʝʥʠʝ ʪʨʘʥʟʘʢʮʠʷʤʠ, ʧʦʚʳʰʝʥʠʝ ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʬʠʥʘʥʩʦʚʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʨʝʛʠʦʥʘ. 

ɹʝʟʦʧʘʩʥʦʩʪʴ ʠ ʫʩʪʦʡʯʠʚʦʩʪʴ. ɸʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʠʛʨʘʶʪ ʢʣʶʯʝʚʫʶ ʨʦʣʴ ʚ 

ʦʙʝʩʧʝʯʝʥʠʠ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ: ʦʥʠ ʩʧʦʩʦʙʥʳ ʘʚʪʦʤʘʪʠʯʝʩʢʠ ʚʳʷʚʣʷʪʴ 

ʧʦʜʦʟʨʠʪʝʣʴʥʳʝ ʪʨʘʥʟʘʢʮʠʠ, ʢʣʘʩʩʠʬʠʮʠʨʦʚʘʪʴ ʫʛʨʦʟʳ ʠ ʠʥʠʮʠʠʨʦʚʘʪʴ ʟʘʱʠʪʥʳʝ ʤʝʨʳ. 

ʂʨʦʤʝ ʪʦʛʦ, ʠʭ ʨʘʩʧʨʝʜʝʣʸʥʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʧʦʚʳʰʘʝʪ ʫʩʪʦʡʯʠʚʦʩʪʴ ʵʢʦʩʠʩʪʝʤʳ ʢ 

ʚʥʝʰʥʠʤ ʚʦʟʜʝʡʩʪʚʠʷʤ ʠ ʚʥʫʪʨʝʥʥʠʤ ʩʙʦʷʤ. 

ʇʨʠʤʝʥʝʥʠʝ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʚ ʫʧʨʘʚʣʝʥʠʠ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ 

ʵʢʦʩʠʩʪʝʤʘʤʠ ʧʦʟʚʦʣʷʝʪ: 

Å ʧʦʚʳʩʠʪʴ ʧʨʦʟʨʘʯʥʦʩʪʴ ʧʨʦʮʝʩʩʦʚ ʯʝʨʝʟ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʜʘʰʙʦʨʜʳ; 

Å ʚʥʝʜʨʠʪʴ ʧʨʝʜʠʢʪʠʚʥʳʝ ʤʦʜʝʣʠ ʜʣʷ ʘʥʘʣʠʟʘ ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ; 

Å ʦʙʝʩʧʝʯʠʪʴ ʘʜʘʧʪʠʚʥʦʝ ʨʝʘʛʠʨʦʚʘʥʠʝ ʥʘ ʠʟʤʝʥʝʥʠʷ ʨʳʥʢʘ; 

Å ʫʢʨʝʧʠʪʴ ʢʦʥʢʫʨʝʥʪʦʩʧʦʩʦʙʥʦʩʪʴ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ ʚ ʫʩʣʦʚʠʷʭ 

ʛʣʦʙʘʣʴʥʦʡ ʢʦʥʢʫʨʝʥʮʠʠ. 
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ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʚʳʩʪʫʧʘʶʪ ʥʝ ʧʨʦʩʪʦ ʠʥʩʪʨʫʤʝʥʪʦʤ 

ʘʚʪʦʤʘʪʠʟʘʮʠʠ,  ʘ  ʬʫʥʜʘʤʝʥʪʘʣʴʥʳʤ  ʵʣʝʤʝʥʪʦʤ  ʫʧʨʘʚʣʝʥʠʷ  ʩʣʦʞʥʳʤʠ ʬʠʥʘʥʩʦʚʦ-

ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. ʀʭ ʚʥʝʜʨʝʥʠʝ ʚ ʥʘʮʠʦʥʘʣʴʥʳʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ 

ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ, ʪʘʢʠʝ ʢʘʢ Humo ʠ Uzcard, ʦʪʢʨʳʚʘʝʪ ʚʦʟʤʦʞʥʦʩʪʠ ʜʣʷ ʬʦʨʤʠʨʦʚʘʥʠʷ 

ʥʦʚʦʛʦ ʫʨʦʚʥʷ ʫʩʪʦʡʯʠʚʦʩʪʠ, ʙʝʟʦʧʘʩʥʦʩʪʠ ʠ ʵʬʬʝʢʪʠʚʥʦʩʪʠ. 
 

ʈʠʩʫʥʦʢ 1. ɸʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʠ ʠʭ ʨʦʣʴ ʚ ʫʧʨʘʚʣʝʥʠʠ 

 

ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʷ ʨʘʩʩʤʘʪʨʠʚʘʶ ʧʨʠʤʝʥʝʥʠʝ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʘʛʝʥʪʥʳʭ 

ʩʠʩʪʝʤ ʢʘʢ ʢʣʶʯʝʚʦʛʦ ʠʥʩʪʨʫʤʝʥʪʘ ʧʦʚʳʰʝʥʠʷ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ 

ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ ʚ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤʘʭ. 

ʆʩʦʙʦʝ ʚʥʠʤʘʥʠʝ ʫʜʝʣʷʝʪʩʷ ʠʭ ʨʦʣʠ ʚ ʫʧʨʘʚʣʝʥʠʠ ʠʥʬʨʘʩʪʨʫʢʪʫʨʦʡ ʙʘʥʢʦʤʘʪʦʚ (ɸʊʄ) ʠ 

ʠʥʪʝʛʨʘʮʠʠ ʩ ʥʘʮʠʦʥʘʣʴʥʳʤʠ ʠ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʧʣʘʪʸʞʥʳʤʠ ʩʠʩʪʝʤʘʤʠ. ɸʛʝʥʪʥʳʝ 

ʩʠʩʪʝʤʳ ʧʦʟʚʦʣʷʶʪ ʨʝʘʣʠʟʦʚʘʪʴ ʨʘʩʧʨʝʜʝʣʸʥʥʦʝ ʫʧʨʘʚʣʝʥʠʝ, ʧʨʠ ʢʦʪʦʨʦʤ ʢʘʞʜʳʡ ʘʛʝʥʪ 

ʚʳʧʦʣʥʷʝʪ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʝ ʬʫʥʢʮʠʠ ð ʤʦʥʠʪʦʨʠʥʛ, ʘʥʘʣʠʟ, ʦʧʪʠʤʠʟʘʮʠʶ ʠ 

ʦʙʝʩʧʝʯʝʥʠʝ ʙʝʟʦʧʘʩʥʦʩʪʠ. ɺ ʢʦʥʪʝʢʩʪʝ ʙʘʥʢʦʤʘʪʥʳʭ ʩʝʪʝʡ ʵʪʦ ʚʳʨʘʞʘʝʪʩʷ ʚ ʩʧʦʩʦʙʥʦʩʪʠ 

ʩʠʩʪʝʤʳ ʩʘʤʦʩʪʦʷʪʝʣʴʥʦ ʚʳʷʚʣʷʪʴ ʘʥʦʤʘʣʠʠ, ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʪʝʭʥʠʯʝʩʢʠʝ ʩʙʦʠ ʠ 

ʘʜʘʧʪʠʨʦʚʘʪʴ ʧʘʨʘʤʝʪʨʳ ʨʘʙʦʪʳ ʦʙʦʨʫʜʦʚʘʥʠʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʪʝʢʫʱʝʡ ʥʘʛʨʫʟʢʠ. 

ɺ ʤʝʞʜʫʥʘʨʦʜʥʦʡ ʧʨʘʢʪʠʢʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Visa ʠ MasterCard ʜʝʤʦʥʩʪʨʠʨʫʶʪ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʘʛʝʥʪʥʳʭ ʪʝʭʥʦʣʦʛʠʡ ʧʨʠ ʦʙʨʘʙʦʪʢʝ ʙʦʣʴʰʠʭ ʦʙʲʸʤʦʚ ʪʨʘʥʟʘʢʮʠʡ. ʀʭ 

ʘʨʭʠʪʝʢʪʫʨʘ ʦʩʥʦʚʘʥʘ ʥʘ ʚʟʘʠʤʦʜʝʡʩʪʚʠʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʤʦʜʫʣʝʡ, ʢʦʪʦʨʳʝ 

ʘʥʘʣʠʟʠʨʫʶʪ ʦʧʝʨʘʮʠʠ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ, ʦʮʝʥʠʚʘʶʪ ʨʠʩʢʠ ʠ ʬʦʨʤʠʨʫʶʪ ʨʝʰʝʥʠʷ ʜʣʷ 

ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ ʤʦʰʝʥʥʠʯʝʩʪʚʘ. ʕʪʠ ʧʨʠʥʮʠʧʳ ʣʝʛʣʠ ʚ ʦʩʥʦʚʫ ʩʦʚʨʝʤʝʥʥʳʭ ʧʦʜʭʦʜʦʚ ʢ 

ʧʦʩʪʨʦʝʥʠʶ ʘʜʘʧʪʠʚʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʳʤʠ ʧʦʪʦʢʘʤʠ. 

ɺ ʨʝʛʠʦʥʘʣʴʥʦʤ ʢʦʥʪʝʢʩʪʝ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ ʘʥʘʣʦʛʠʯʥʳʝ ʧʦʜʭʦʜʳ ʧʨʠʤʝʥʷʶʪʩʷ ʚ 

ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ Uzcard (ʋʟʙʝʢʠʩʪʘʥ) ʠ Humo (ʊʘʜʞʠʢʠʩʪʘʥ). ɺ ʜʘʥʥʳʭ 

ʩʠʩʪʝʤʘʭ ʘʛʝʥʪʥʳʝ ʪʝʭʥʦʣʦʛʠʠ ʠʩʧʦʣʴʟʫʶʪʩʷ ʜʣʷ: 

Å ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʣʦʛʠʨʦʚʘʥʠʷ ʦʧʝʨʘʮʠʡ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ; 

Å ʘʥʘʣʠʟʘ ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ ʠ ʚʳʷʚʣʝʥʠʷ ʘʥʦʤʘʣʠʡ; 

Å ʬʦʨʤʠʨʦʚʘʥʠʷ ʜʘʰʙʦʨʜʦʚ ʜʣʷ ʚʠʟʫʘʣʠʟʘʮʠʠ ʩʦʩʪʦʷʥʠʷ ʩʝʪʠ; 

Å ʦʧʪʠʤʠʟʘʮʠʠ ʤʘʨʰʨʫʪʠʟʘʮʠʠ ʧʣʘʪʝʞʝʡ ʤʝʞʜʫ ʙʘʥʢʘʤʠ ʠ ʧʨʦʮʝʩʩʠʥʛʦʚʳʤʠ ʮʝʥʪʨʘʤʠ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʚʳʩʪʫʧʘʶʪ ʢʘʢ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʡ ʩʣʦʡ 

ʫʧʨʘʚʣʝʥʠʷ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ ʘʜʘʧʪʠʚʥʦʩʪʴ,  ʥʘʜʸʞʥʦʩʪʴ ʠ ʙʝʟʦʧʘʩʥʦʩʪʴ 

ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ. ʀʭ ʚʥʝʜʨʝʥʠʝ ʚ ʠʥʬʨʘʩʪʨʫʢʪʫʨʫ ʙʘʥʢʦʤʘʪʦʚ ʠ 

ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ, ʪʘʢʠʭ ʢʘʢ Uzcard ʠ Humo, ʩʧʦʩʦʙʩʪʚʫʝʪ ʬʦʨʤʠʨʦʚʘʥʠʶ ʫʩʪʦʡʯʠʚʦʡ 

ʮʠʬʨʦʚʦʡ ʩʨʝʜʳ, ʩʧʦʩʦʙʥʦʡ ʵʬʬʝʢʪʠʚʥʦ ʨʝʘʛʠʨʦʚʘʪʴ ʥʘ ʠʟʤʝʥʝʥʠʷ ʨʳʥʦʯʥʳʭ ʫʩʣʦʚʠʡ ʠ 

ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʝ ʚʳʟʦʚʳ. 
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ʇʦʜʜʝʨʞʢʘ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʬʠʥʘʥʩʦʚʳʭ ʵʢʦʩʠʩʪʝʤʘʭ ʫʩʣʦʚʠʷʭ ʮʠʬʨʦʚʦʡ 

ʪʨʘʥʩʬʦʨʤʘʮʠʠ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤ ʧʨʦʮʝʩʩʳ ʫʧʨʘʚʣʝʥʠʷ ʩʪʘʥʦʚʷʪʩʷ 

ʚʩʸ ʙʦʣʝʝ ʩʣʦʞʥʳʤʠ ʠ ʤʥʦʛʦʤʝʨʥʳʤʠ. ɼʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʫʩʪʦʡʯʠʚʦʩʪʠ ʠ ʵʬʬʝʢʪʠʚʥʦʩʪʠ 

ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ ʪʘʢʠʭ ʩʠʩʪʝʤ ʥʝʦʙʭʦʜʠʤʳ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʤʝʭʘʥʠʟʤʳ ʧʦʜʜʝʨʞʢʠ 

ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ, ʦʩʥʦʚʘʥʥʳʝ ʥʘ ʘʛʝʥʪʥʳʭ ʪʝʭʥʦʣʦʛʠʷʭ. 

ʇʦʜʜʝʨʞʢʘ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʚ ʬʠʥʘʥʩʦʚʳʭ ʵʢʦʩʠʩʪʝʤʘʭ ʧʨʝʜʧʦʣʘʛʘʝʪ 

ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʨʘʩʧʨʝʜʝʣʸʥʥʳʭ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ, ʢʦʪʦʨʳʝ: 

Å ʦʩʫʱʝʩʪʚʣʷʶʪ ʩʙʦʨ ʠ ʦʙʨʘʙʦʪʢʫ ʜʘʥʥʳʭ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ; 

Å ʚʳʧʦʣʥʷʶʪ ʘʥʘʣʠʟ ʪʨʘʥʟʘʢʮʠʡ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʤʝʪʦʜʦʚ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ; 

Å ʨʝʘʣʠʟʫʶʪ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ ʨʠʩʢʦʚ ʥʘ ʦʩʥʦʚʝ ʧʨʝʜʠʢʪʠʚʥʳʭ ʤʦʜʝʣʝʡ; 

Å ʬʦʨʤʠʨʫʶʪ ʨʝʢʦʤʝʥʜʘʮʠʠ ʜʣʷ ʫʧʨʘʚʣʝʥʠʷ, ʥʘʧʨʘʚʣʝʥʥʳʝ ʥʘ ʦʧʪʠʤʠʟʘʮʠʶ ʧʨʦʮʝʩʩʦʚ ʠ 

ʩʥʠʞʝʥʠʝ ʠʟʜʝʨʞʝʢ. 

ɺ ʤʝʞʜʫʥʘʨʦʜʥʦʡ ʧʨʘʢʪʠʢʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Visa ʠ MasterCard ʠʩʧʦʣʴʟʫʶʪ 

ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʤʦʜʫʣʠ ʜʣʷ ʘʥʘʣʠʟʘ ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ ʠ ʧʨʝʜʦʪʚʨʘʱʝʥʠʷ 

ʤʦʰʝʥʥʠʯʝʩʪʚʘ. ʕʪʠ ʩʠʩʪʝʤʳ ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʘʛʝʥʪʥʦʛʦ ʧʦʜʭʦʜʘ ʧʨʠ 

ʦʙʨʘʙʦʪʢʝ ʤʠʣʣʠʦʥʦʚ ʦʧʝʨʘʮʠʡ ʚ ʩʝʢʫʥʜʫ. 

ɺ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ ð Uzcard ʠ Humo ð 

ʧʦʜʜʝʨʞʢʘ ʧʨʠʥʷʪʠʷ ʨʝʰʝʥʠʡ ʨʝʘʣʠʟʫʝʪʩʷ ʯʝʨʝʟ: 

Å ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʜʘʰʙʦʨʜʳ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʩʦʩʪʦʷʥʠʷ ʩʝʪʠ ʙʘʥʢʦʤʘʪʦʚ ʠ 

ʪʝʨʤʠʥʘʣʦʚ; 

Å ʘʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʝ ʤʝʭʘʥʠʟʤʳ ʣʦʛʠʨʦʚʘʥʠʷ ʠ ʢʣʘʩʩʠʬʠʢʘʮʠʠ ʩʦʙʳʪʠʡ; 

Å ʘʣʛʦʨʠʪʤʳ ʦʧʪʠʤʠʟʘʮʠʠ ʤʘʨʰʨʫʪʠʟʘʮʠʠ ʧʣʘʪʝʞʝʡ ʤʝʞʜʫ ʙʘʥʢʘʤʠ; 

Å ʩʠʩʪʝʤʳ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʦʪʢʘʟʦʚ ʠ ʘʜʘʧʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʨʝʩʫʨʩʘʤʠ. 

ʇʨʠʤʝʨ ʨʘʩʯʸʪʘ ʵʬʬʝʢʪʠʚʥʦʩʪʠ 

ɼʣʷ ʦʮʝʥʢʠ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʚʥʝʜʨʝʥʠʷ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʤʦʞʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴ 

ʧʦʢʘʟʘʪʝʣʴ ʩʨʝʜʥʝʛʦ ʚʨʝʤʝʥʠ ʦʙʨʘʙʦʪʢʠ ʪʨʘʥʟʘʢʮʠʠ (T): 
 

n 

¿̊ 1ti 

T =  i  

n 

ʛʜʝ ti ð ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʢʘʞʜʦʡ ʪʨʘʥʟʘʢʮʠʠ, n ð ʢʦʣʠʯʝʩʪʚʦ ʪʨʘʥʟʘʢʮʠʡ. 

ʉʨʘʚʥʝʥʠʝ ʪʨʘʜʠʮʠʦʥʥʦʡ ʩʠʩʪʝʤʳ ʠ ʘʛʝʥʪʥʦʡ ʘʨʭʠʪʝʢʪʫʨʳ ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ ʧʨʠ 

ʚʥʝʜʨʝʥʠʠ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʤʦʜʫʣʝʡ ʩʨʝʜʥʝʝ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʩʥʠʞʘʝʪʩʷ ʥʘ 15ï20%, ʘ 

ʫʨʦʚʝʥʴ ʚʳʷʚʣʝʥʠʷ ʘʥʦʤʘʣʠʡ ʚʦʟʨʘʩʪʘʝʪ ʥʘ 25ï30%. 

ɺʠʟʫʘʣʠʟʘʮʠʷ. ɼʣʷ ʥʘʛʣʷʜʥʦʩʪʠ ʤʦʞʥʦ ʠʩʧʦʣʴʟʦʚʘʪʴ ʜʘʰʙʦʨʜʳ, ʦʪʦʙʨʘʞʘʶʱʠʝ: 

Å ʜʠʥʘʤʠʢʫ ʪʨʘʥʟʘʢʮʠʡ (ʦʙʲʸʤ ʦʧʝʨʘʮʠʡ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ); 

Å ʫʨʦʚʝʥʴ ʦʪʢʘʟʦʚ ʠ ʘʥʦʤʘʣʠʡ; 

Å ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʥʘʛʨʫʟʢʠ ʤʝʞʜʫ ʙʘʥʢʦʤʘʪʘʤʠ ʠ ʧʨʦʮʝʩʩʠʥʛʦʚʳʤʠ ʮʝʥʪʨʘʤʠ; 

Å ʧʨʦʛʥʦʟʥʳʝ ʛʨʘʬʠʢʠ ʨʠʩʢʦʚ. 



159 
 

 
ʈʠʩʫʥʦʢ 2. ʇʨʠʢʣʘʜʥʳʝ ʘʩʧʝʢʪʳ 

 

ɺ ʩʦʚʨʝʤʝʥʥʳʭ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʭ ʵʢʦʩʠʩʪʝʤʘʭ ʘʚʪʦʤʘʪʠʟʘʮʠʷ ʧʨʦʮʝʩʩʦʚ 

ʷʚʣʷʝʪʩʷ ʢʣʶʯʝʚʳʤ ʥʘʧʨʘʚʣʝʥʠʝʤ ʨʘʟʚʠʪʠʷ. ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ 

ʧʦʟʚʦʣʷʶʪ: 

Å ʉʦʢʨʘʪʠʪʴ ʚʨʝʤʷ ʦʙʨʘʙʦʪʢʠ ʪʨʘʥʟʘʢʮʠʡ ʟʘ ʩʯʸʪ ʨʘʩʧʨʝʜʝʣʸʥʥʦʛʦ ʘʥʘʣʠʟʘ ʜʘʥʥʳʭ; 

Å ʇʦʚʳʩʠʪʴ ʥʘʜʸʞʥʦʩʪʴ ʙʣʘʛʦʜʘʨʷ ʘʚʪʦʤʘʪʠʯʝʩʢʦʤʫ ʚʳʷʚʣʝʥʠʶ ʘʥʦʤʘʣʠʡ ʠ ʦʪʢʘʟʦʚ; 

Å ʆʧʪʠʤʠʟʠʨʦʚʘʪʴ ʨʝʩʫʨʩʳ ʯʝʨʝʟ ʜʠʥʘʤʠʯʝʩʢʦʝ ʧʝʨʝʨʘʩʧʨʝʜʝʣʝʥʠʝ ʥʘʛʨʫʟʢʠ ʤʝʞʜʫ 

ʧʨʦʮʝʩʩʠʥʛʦʚʳʤʠ ʮʝʥʪʨʘʤʠ ʠ ʙʘʥʢʦʤʘʪʘʤʠ. 

ʇʨʠʤʝʥʝʥʠʝ ʚ ʙʘʥʢʦʤʘʪʘʭ ʠ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ. ɺ ʠʥʬʨʘʩʪʨʫʢʪʫʨʝ ʙʘʥʢʦʤʘʪʦʚ 

(ɸʊʄ) ʠ ʥʘʮʠʦʥʘʣʴʥʳʭ ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤʘʭ ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ ð Uzcard ʠ Humo ð 

ʘʛʝʥʪʥʳʝ ʪʝʭʥʦʣʦʛʠʠ ʧʨʠʤʝʥʷʶʪʩʷ ʜʣʷ: 

Å ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʣʦʛʠʨʦʚʘʥʠʷ ʦʧʝʨʘʮʠʡ; 

Å ʬʦʨʤʠʨʦʚʘʥʠʷ ʜʘʰʙʦʨʜʦʚ ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʩʝʪʠ; 

Å ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʦʪʢʘʟʦʚ ʠ ʘʜʘʧʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ; 

Å ʠʥʪʝʛʨʘʮʠʠ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ (Visa, MasterCard). 

ɺʠʟʫʘʣʠʟʘʮʠʷ. ʅʠʞʝ ʧʨʠʚʝʜʸʥ ʧʨʠʤʝʨ ʛʨʘʬʠʯʝʩʢʦʡ ʩʭʝʤʳ, ʢʦʪʦʨʘʷ ʤʦʞʝʪ ʙʳʪʴ 

ʚʢʣʶʯʝʥʘ ʚ ʜʠʩʩʝʨʪʘʮʠʶ: 

Å ʉʣʝʚʘ: ʙʣʦʢ çɸʚʪʦʤʘʪʠʟʘʮʠʷ ʧʨʦʮʝʩʩʦʚè ʩ ʜʠʘʛʨʘʤʤʦʡ ʩʥʠʞʝʥʠʷ ʚʨʝʤʝʥʠ ʦʙʨʘʙʦʪʢʠ 

ʪʨʘʥʟʘʢʮʠʡ. 

Å ʉʧʨʘʚʘ: ʙʣʦʢ çʇʨʠʤʝʥʝʥʠʝ ʚ ʙʘʥʢʦʤʘʪʘʭè ʩ ʜʘʰʙʦʨʜʦʤ, ʧʦʢʘʟʳʚʘʶʱʠʤ ʢʦʣʠʯʝʩʪʚʦ 

ʦʧʝʨʘʮʠʡ, ʫʨʦʚʝʥʴ ʦʪʢʘʟʦʚ ʠ ʧʨʦʛʥʦʟ ʨʠʩʢʦʚ. 

Å ɺʥʠʟʫ: ʠʥʪʝʛʨʘʮʠʷ ʥʘʮʠʦʥʘʣʴʥʳʭ ʩʠʩʪʝʤ Uzcard ʠ Humo ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ 

ʧʣʘʪʬʦʨʤʘʤʠ Visa ʠ MasterCard. 
 

ʈʠʩʫʥʦʢ 3. ʉʪʘʪʠʩʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ 
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ɼʘʥʥʳʝ ʧʦ ʙʘʥʢʦʤʘʪʘʤ Uzcard ʠ Humo. ʅʘʮʠʦʥʘʣʴʥʳʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ 

ʎʝʥʪʨʘʣʴʥʦʡ ɸʟʠʠ ð Uzcard (ʋʟʙʝʢʠʩʪʘʥ) ʠ Humo (ʊʘʜʞʠʢʠʩʪʘʥ) ð ʜʝʤʦʥʩʪʨʠʨʫʶʪ 

ʫʩʪʦʡʯʠʚʳʡ ʨʦʩʪ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ. ʇʦ ʜʘʥʥʳʤ ʥʘʮʠʦʥʘʣʴʥʳʭ 

ʧʨʦʮʝʩʩʠʥʛʦʚʳʭ ʮʝʥʪʨʦʚ: 

Å Uzcard ʦʙʩʣʫʞʠʚʘʝʪ ʙʦʣʝʝ 22 ʪʳʩʷʯ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ, ʦʙʝʩʧʝʯʠʚʘʷ ʦʙʨʘʙʦʪʢʫ 

ʤʠʣʣʠʦʥʦʚ ʪʨʘʥʟʘʢʮʠʡ ʝʞʝʜʥʝʚʥʦ. 

Å Humo, ʢʘʢ ʙʦʣʝʝ ʤʦʣʦʜʘʷ ʩʠʩʪʝʤʘ, ʘʢʪʠʚʥʦ ʨʘʩʰʠʨʷʝʪ ʩʝʪʴ, ʜʦʩʪʠʛʥʫʚ ʥʝʩʢʦʣʴʢʠʭ 

ʪʳʩʷʯ ʫʩʪʨʦʡʩʪʚ, ʧʨʠ ʵʪʦʤ ʚʥʝʜʨʷʷ ʩʦʚʨʝʤʝʥʥʳʝ ʤʝʭʘʥʠʟʤʳ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʣʦʛʠʨʦʚʘʥʠʷ. 

ʉʨʘʚʥʝʥʠʝ ʩ Visa ʠ MasterCard. ʄʝʞʜʫʥʘʨʦʜʥʳʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Visa ʠ 

MasterCard ʬʫʥʢʮʠʦʥʠʨʫʶʪ ʚ ʛʣʦʙʘʣʴʥʦʤ ʤʘʩʰʪʘʙʝ, ʦʙʝʩʧʝʯʠʚʘʷ ʜʦʩʪʫʧ ʢ ʜʝʩʷʪʢʘʤ 

ʤʠʣʣʠʦʥʦʚ ʪʝʨʤʠʥʘʣʦʚ ʠ ʙʘʥʢʦʤʘʪʦʚ ʧʦ ʚʩʝʤʫ ʤʠʨʫ. ʀʭ ʩʪʘʪʠʩʪʠʢʘ ʜʝʤʦʥʩʪʨʠʨʫʝʪ 

ʟʥʘʯʠʪʝʣʴʥʦ ʙʦʣʝʝ ʚʳʩʦʢʠʡ ʫʨʦʚʝʥʴ ʦʭʚʘʪʘ ʠ ʦʙʲʸʤ ʪʨʘʥʟʘʢʮʠʡ, ʦʜʥʘʢʦ ʥʘʮʠʦʥʘʣʴʥʳʝ 

ʩʠʩʪʝʤʳ Uzcard ʠ Humo ʠʛʨʘʶʪ ʢʣʶʯʝʚʫʶ ʨʦʣʴ ʚ ʦʙʝʩʧʝʯʝʥʠʠ ʬʠʥʘʥʩʦʚʦʡ ʥʝʟʘʚʠʩʠʤʦʩʪʠ ʠ 

ʣʦʢʘʣʴʥʦʡ ʫʩʪʦʡʯʠʚʦʩʪʠ. Sources: ʥʘʮʠʦʥʘʣʴʥʳʝ ʧʨʦʮʝʩʩʠʥʛʦʚʳʝ ʮʝʥʪʨʳ ʋʟʙʝʢʠʩʪʘʥʘ ʠ 

ʊʘʜʞʠʢʠʩʪʘʥʘ; ʩʪʘʪʠʩʪʠʢʘ Visa ʠ MasterCard. ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʩʪʘʪʠʩʪʠʯʝʩʢʠʡ ʘʥʘʣʠʟ 

ʧʦʢʘʟʳʚʘʝʪ, ʯʪʦ Uzcard ʠ Humo ʟʘʥʠʤʘʶʪ ʩʪʨʘʪʝʛʠʯʝʩʢʠ ʚʘʞʥʦʝ ʤʝʩʪʦ ʚ ʨʝʛʠʦʥʘʣʴʥʦʡ 

ʬʠʥʘʥʩʦʚʦʡ ʵʢʦʩʠʩʪʝʤʝ, ʦʙʝʩʧʝʯʠʚʘʷ ʣʦʢʘʣʴʥʫʶ ʫʩʪʦʡʯʠʚʦʩʪʴ ʠ ʥʝʟʘʚʠʩʠʤʦʩʪʴ, ʪʦʛʜʘ ʢʘʢ 

Visa ʠ MasterCard ʦʩʪʘʶʪʩʷ ʛʣʦʙʘʣʴʥʳʤʠ ʣʠʜʝʨʘʤʠ ʧʦ ʦʭʚʘʪʫ ʠ ʦʙʲʸʤʘʤ ʪʨʘʥʟʘʢʮʠʡ. 

1. ɼʘʰʙʦʨʜʳ ʠ ʤʦʥʠʪʦʨʠʥʛ 

ɺ ʋʟʙʝʢʠʩʪʘʥʝ ʥʘ ʠʶʥʴ 2026 ʛʦʜʘ ʚ ʦʙʨʘʱʝʥʠʠ ʥʘʭʦʜʠʪʩʷ ʙʦʣʝʝ 73,6 ʤʣʥ ʙʘʥʢʦʚʩʢʠʭ 

ʢʘʨʪ, ʫʩʪʘʥʦʚʣʝʥʦ 445,881 POS-ʪʝʨʤʠʥʘʣʦʚ ʠ 46,494 ʙʘʥʢʦʤʘʪʦʚ ʠ ʠʥʬʦʢʠʦʩʢʦʚ. ʕʪʠ 

ʜʘʥʥʳʝ ʎʝʥʪʨʘʣʴʥʦʛʦ ʙʘʥʢʘ ʧʦʢʘʟʳʚʘʶʪ ʤʘʩʰʪʘʙ ʥʘʮʠʦʥʘʣʴʥʳʭ ʩʠʩʪʝʤ Uzcard ʠ Humo, 

ʢʦʪʦʨʳʝ ʘʢʪʠʚʥʦ ʠʥʪʝʛʨʠʨʫʶʪʩʷ ʩ ʠʥʩʪʨʫʤʝʥʪʘʤʠ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʚʠʟʫʘʣʠʟʘʮʠʠ (Grafana, 

Kibana, Power BI) ʜʣʷ ʘʥʘʣʠʟʘ ʪʨʘʥʟʘʢʮʠʡ ʠ ʫʧʨʘʚʣʝʥʠʷ ʠʥʬʨʘʩʪʨʫʢʪʫʨʦʡ. 

ɼʘʰʙʦʨʜʳ ʠ ʤʦʥʠʪʦʨʠʥʛ ʚ ʬʠʥʘʥʩʦʚʳʭ ɻ ʢʦʩʠʩʪʝʤʘʭ 
ʀʥʩʪʨʫʤʝʥʪʳ ʚʠʟʫʘʣʠʟʘʮʠʠ 

Å Grafana ð ʠʩʧʦʣʴʟʫʝʪʩʷ ʜʣʷ ʧʦʩʪʨʦʝʥʠʷ ʠʥʪʝʨʘʢʪʠʚʥʳʭ ʜʘʰʙʦʨʜʦʚ, ʦʪʦʙʨʘʞʘʶʱʠʭ 

ʤʝʪʨʠʢʠ ʨʘʙʦʪʳ ʙʘʥʢʦʤʘʪʦʚ, ʧʨʦʮʝʩʩʠʥʛʦʚʳʭ ʮʝʥʪʨʦʚ ʠ ʩʝʪʝʚʳʭ ʰʣʶʟʦʚ. 

Å Kibana ð ʧʨʠʤʝʥʷʝʪʩʷ ʜʣʷ ʘʥʘʣʠʟʘ ʣʦʛʦʚ ʠ ʩʦʙʳʪʠʡ, ʚʳʷʚʣʝʥʠʷ ʘʥʦʤʘʣʠʡ ʠ 

ʬʦʨʤʠʨʦʚʘʥʠʷ ʦʪʯʸʪʦʚ ʧʦ ʙʝʟʦʧʘʩʥʦʩʪʠ. 

Å Power BI ð ʦʙʝʩʧʝʯʠʚʘʝʪ ʩʪʨʘʪʝʛʠʯʝʩʢʫʶ ʘʥʘʣʠʪʠʢʫ, ʚʢʣʶʯʘʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ 

ʪʨʘʥʟʘʢʮʠʦʥʥʦʡ ʘʢʪʠʚʥʦʩʪʠ ʠ ʦʮʝʥʢʫ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʚʥʝʜʨʝʥʠʷ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ. 
ʈʝʘʣʴʥʳʝ ʜʘʥʥʳʝ ʧʦ ʋʟʙʝʢʠʩʪʘʥʫ 

Å ʂʦʣʠʯʝʩʪʚʦ ʢʘʨʪ ʚ ʦʙʨʘʱʝʥʠʠ: 73,690,641 

Å POS-ʪʝʨʤʠʥʘʣʳ: 445,881 

Å ɹʘʥʢʦʤʘʪʳ ʠ ʠʥʬʦʢʠʦʩʢʠ: 46,494 

Å ʆʙʦʨʦʪ ʯʝʨʝʟ ʪʝʨʤʠʥʘʣʳ (ʷʥʚʘʨʴïʤʘʡ 2026): ʙʦʣʝʝ 256,8 ʤʣʨʜ ʩʫʤʦʚ 

ʕʪʠ ʧʦʢʘʟʘʪʝʣʠ ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʤʘʩʰʪʘʙ ʥʘʮʠʦʥʘʣʴʥʦʡ ʧʣʘʪʸʞʥʦʡ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ, 

ʛʜʝ ʜʘʰʙʦʨʜʳ ʧʦʟʚʦʣʷʶʪ ʦʪʩʣʝʞʠʚʘʪʴ ʥʘʛʨʫʟʢʫ, ʚʳʷʚʣʷʪʴ ʩʙʦʠ ʠ ʧʨʦʛʥʦʟʠʨʦʚʘʪʴ ʨʠʩʢʠ. 
ʇʨʠʤʝʨʳ ʚʠʟʫʘʣʠʟʘʮʠʡ 

Å Grafana: ʛʨʘʬʠʢʠ ʜʠʥʘʤʠʢʠ ʪʨʘʥʟʘʢʮʠʡ, ʨʘʩʧʨʝʜʝʣʝʥʠʝ ʥʘʛʨʫʟʢʠ ʤʝʞʜʫ ʙʘʥʢʦʤʘʪʘʤʠ. 
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ʈʠʩʫʥʦʢ 4. ɻʨʘʬʠʢ ʜʠʥʘʤʠʢʠ ʪʨʘʥʟʘʢʮʠʡ 

Å Kibana: ʘʥʘʣʠʟ ʣʦʛʦʚ ʙʘʥʢʦʤʘʪʦʚ Uzcard, ʚʳʷʚʣʝʥʠʝ ʘʥʦʤʘʣʠʡ ʠ ʧʦʜʦʟʨʠʪʝʣʴʥʳʭ ʦʧʝʨʘʮʠʡ. 
 

ʈʠʩʫʥʦʢ 5. ɸʥʘʣʠʟ ʣʦʛʦʚ ʙʘʥʢʦʤʘʪʦʚ 

Å Power BI : ʩʪʨʘʪʝʛʠʯʝʩʢʘʷ ʘʥʘʣʠʪʠʢʘ Humo, ʧʨʦʛʥʦʟ ʨʦʩʪʘ ʪʨʘʥʟʘʢʮʠʡ ʠ ʦʮʝʥʢʘ 

ʵʬʬʝʢʪʠʚʥʦʩʪʠ. 
 

 

ɿʘʢʣʶʯʝʥʠʝ. ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʧʨʠʰʣʠ ʢ ʚʳʚʦʜʫ: 

Å ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʢʦʥʮʝʧʪʫʘʣʴʥʘʷ ʤʦʜʝʣʴ ʘʛʝʥʪʥʳʭ ʩʠʩʪʝʤ ʜʝʤʦʥʩʪʨʠʨʫʝʪ ɻ ʬʬʝʢʪʠʚʥʦʩʪʴ 

ʚ ʫʩʣʦʚʠʷʭ ʚʳʩʦʢʦʥʘʛʨʫʞʝʥʥʳʭ ʪʨʘʥʟʘʢʮʠʦʥʥʳʭ ʧʦʪʦʢʦʚ. 

Å ʀʥʪʝʛʨʘʮʠʷ ʘʛʝʥʪʥʳʭ ʪʝʭʥʦʣʦʛʠʡ ʚ ʥʘʮʠʦʥʘʣʴʥʳʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Uzcard ʠ Humo 

ʦʙʝʩʧʝʯʠʚʘʝʪ ʧʦʚʳʰʝʥʠʝ ʥʘʜʸʞʥʦʩʪʠ, ʧʨʦʟʨʘʯʥʦʩʪʠ ʠ ʫʩʪʦʡʯʠʚʦʩʪʠ ʬʠʥʘʥʩʦʚʦʡ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ. 
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Å ʀʩʧʦʣʴʟʦʚʘʥʠʝ ʠʥʩʪʨʫʤʝʥʪʦʚ ʚʠʟʫʘʣʠʟʘʮʠʠ ʠ ʤʦʥʠʪʦʨʠʥʛʘ (Grafana, Kibana, Power BI) 

ʧʦʟʚʦʣʷʝʪ ʨʝʘʣʠʟʦʚʘʪʴ ʧʨʝʜʠʢʪʠʚʥʳʡ ʘʥʘʣʠʟ, ʚʳʷʚʣʝʥʠʝ ʘʥʦʤʘʣʠʡ ʠ ʦʧʪʠʤʠʟʘʮʠʶ 

ʨʝʩʫʨʩʦʚ. 

Å ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʩʠʩʪʝʤʘʤʠ Visa ʠ MasterCard ʧʦʢʘʟʘʣ, ʯʪʦ 

ʥʘʮʠʦʥʘʣʴʥʳʝ ʧʣʘʪʬʦʨʤʳ ʫʩʧʝʰʥʦ ʘʜʘʧʪʠʨʫʶʪ ʣʫʯʰʠʝ ʧʨʘʢʪʠʢʠ, ʩʦʭʨʘʥʷʷ ʧʨʠ ʵʪʦʤ 

ʨʝʛʠʦʥʘʣʴʥʫʶ ʩʧʝʮʠʬʠʢʫ ʠ ʬʠʥʘʥʩʦʚʫʶ ʥʝʟʘʚʠʩʠʤʦʩʪʴ. 

ʇʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ ʠʩʩʣʝʜʦʚʘʥʠʷ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʚʦʟʤʦʞʥʦʩʪʠ 

ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦʛʦ ʚʥʝʜʨʝʥʠʷ ʧʨʝʜʣʦʞʝʥʥʳʭ ʨʝʰʝʥʠʡ ʚ ʠʥʬʨʘʩʪʨʫʢʪʫʨʫ ʥʘʮʠʦʥʘʣʴʥʳʭ 

ʧʣʘʪʸʞʥʳʭ ʩʠʩʪʝʤ ʋʟʙʝʢʠʩʪʘʥʘ ʠ ʊʘʜʞʠʢʠʩʪʘʥʘ. ʕʪʦ ʦʙʝʩʧʝʯʠʚʘʝʪ: 

Å ʧʦʚʳʰʝʥʠʝ ɻ ʬʬʝʢʪʠʚʥʦʩʪʠ ʨʘʙʦʪʳ ʙʘʥʢʦʤʘʪʦʚ ʠ ʪʝʨʤʠʥʘʣʦʚ; 

Å ʩʥʠʞʝʥʠʝ ʦʧʝʨʘʮʠʦʥʥʳʭ ʨʠʩʢʦʚ ʠ ʠʟʜʝʨʞʝʢ; 

Å ʠʥʪʝʛʨʘʮʠʶ ʥʘʮʠʦʥʘʣʴʥʳʭ ʩʠʩʪʝʤ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤʠ ʧʣʘʪʬʦʨʤʘʤʠ; 

Å ʬʦʨʤʠʨʦʚʘʥʠʝ ʫʩʪʦʡʯʠʚʦʡ ʮʠʬʨʦʚʦʡ ʩʨʝʜʳ, ʩʧʦʩʦʙʥʦʡ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʠʟʤʝʥʝʥʠʷʤ 

ʨʳʥʦʯʥʳʭ ʫʩʣʦʚʠʡ ʠ ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤ ʚʳʟʦʚʘʤ. 

ʊʘʢʠʤ ʦʙʨʘʟʦʤ, ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʘʛʝʥʪʥʳʝ ʩʠʩʪʝʤʳ ʚʳʩʪʫʧʘʶʪ ʢʘʢ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʳʡ ʵʣʝʤʝʥʪ ʫʧʨʘʚʣʝʥʠʷ ʬʠʥʘʥʩʦʚʦ-ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʤʠ ʵʢʦʩʠʩʪʝʤʘʤʠ. ʀʭ 

ʚʥʝʜʨʝʥʠʝ ʚ ʥʘʮʠʦʥʘʣʴʥʳʝ ʧʣʘʪʸʞʥʳʝ ʩʠʩʪʝʤʳ Uzcard ʠ Humo ʩʧʦʩʦʙʩʪʚʫʝʪ ʫʢʨʝʧʣʝʥʠʶ 

ʨʝʛʠʦʥʘʣʴʥʦʡ ʬʠʥʘʥʩʦʚʦʡ ʥʝʟʘʚʠʩʠʤʦʩʪʠ ʠ ʧʦʚʳʰʝʥʠʶ ʢʦʥʢʫʨʝʥʪʦʩʧʦʩʦʙʥʦʩʪʠ ʚ 

ʫʩʣʦʚʠʷʭ ʛʣʦʙʘʣʴʥʦʡ ʮʠʬʨʦʚʦʡ ʵʢʦʥʦʤʠʢʠ. 
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ɸʥʥʦʪʘʮʠʷ. ɺ ʜʘʥʥʦʡ ʨʘʙʦʪʝ ʧʨʝʜʩʪʘʚʣʝʥʘ ʢʦʥʮʝʧʮʠʷ ʠ ʘʨʭʠʪʝʢʪʫʨʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ 

ʩʠʩʪʝʤʳ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʪʝʧʣʠʮʳ ʥʘ ʦʩʥʦʚʝ ʤʝʪʦʜʦʚ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ 

ʠʥʪʝʣʣʝʢʪʘ (AI) ʚ ʩʨʝʜʝ ʧʨʦʤʳʰʣʝʥʥʦʛʦ ʀʥʪʝʨʥʝʪʘ ʚʝʱʝʡ (IIoT). ʈʘʩʩʤʘʪʨʠʚʘʶʪʩʷ ʢʣʶʯʝʚʳʝ 

ʧʘʨʘʤʝʪʨʳ ʤʠʢʨʦʢʣʠʤʘʪʘ (ʪʝʤʧʝʨʘʪʫʨʘ, ʚʣʘʞʥʦʩʪʴ, CO , ʦʩʚʝʱʸʥʥʦʩʪʴ, pH ʠ 

ʵʣʝʢʪʨʦʧʨʦʚʦʜʥʦʩʪʴ ʩʫʙʩʪʨʘʪʘ), ʘʨʭʠʪʝʢʪʫʨʳ ʛʣʫʙʦʢʦʛʦ ʦʙʫʯʝʥʠʷ ʜʣʷ ʠʭ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʠ 

ʘʜʘʧʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ, ʘ ʪʘʢʞʝ ʧʨʦʪʦʢʦʣʳ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ ʠ edge-computing ʧʦʜʭʦʜʳ ʜʣʷ 

ʦʙʝʩʧʝʯʝʥʠʷ ʨʝʞʠʤʘ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ. ʇʨʠʚʦʜʠʪʩʷ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʘʣʛʦʨʠʪʤʦʚ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʘʨʭʠʪʝʢʪʫʨʘ ʤʥʦʛʦʫʨʦʚʥʝʚʦʡ IIoT-ʧʣʘʪʬʦʨʤʳ ʠ ʥʘʧʨʘʚʣʝʥʠʷ ʙʫʜʫʱʠʭ 

ʠʩʩʣʝʜʦʚʘʥʠʡ ʚ ʦʙʣʘʩʪʠ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ ʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʨʠʤʝʥʠʪʝʣʴʥʦ ʢ 

ʪʝʧʣʠʯʥʳʤ ʘʛʨʦʩʠʩʪʝʤʘʤ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʠʩʢʫʩʩʪʚʝʥʥʳʡ ʠʥʪʝʣʣʝʢʪ, IIoT, ʤʦʥʠʪʦʨʠʥʛ ʤʠʢʨʦʢʣʠʤʘʪʘ, ʪʝʧʣʠʮʘ, 

LSTM, ʛʣʫʙʦʢʦʝ ʦʙʫʯʝʥʠʝ, edge computing, ʘʜʘʧʪʠʚʥʦʝ ʫʧʨʘʚʣʝʥʠʝ, ʮʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ, ʪʦʯʥʦʝ 

ʟʝʤʣʝʜʝʣʠʝ. 

 

ɺʚʝʜʝʥʠʝ. ʇʨʦʠʟʚʦʜʩʪʚʦ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʡ ʧʨʦʜʫʢʮʠʠ ʚ ʟʘʱʠʱʸʥʥʦʤ ʛʨʫʥʪʝ ð 

ʦʜʥʘ ʠʟ ʥʘʠʙʦʣʝʝ ʜʠʥʘʤʠʯʥʦ ʨʘʟʚʠʚʘʶʱʠʭʩʷ ʦʪʨʘʩʣʝʡ ʤʠʨʦʚʦʛʦ ʘʛʨʦʧʨʦʤʳʰʣʝʥʥʦʛʦ 

ʢʦʤʧʣʝʢʩʘ. ʇʦ ʜʘʥʥʳʤ ʇʨʦʜʦʚʦʣʴʩʪʚʝʥʥʦʡ ʠ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʡ ʦʨʛʘʥʠʟʘʮʠʠ ʆʆʅ 

(ʌɸʆ), ʤʠʨʦʚʘʷ ʧʣʦʱʘʜʴ ʪʝʧʣʠʮ ʢ 2023 ʛʦʜʫ ʧʨʝʚʳʩʠʣʘ 500 ʪʳʩʷʯ ʛʝʢʪʘʨʦʚ, ʘ ʦʙʲʸʤ ʨʳʥʢʘ 

ʫʤʥʳʭ ʪʝʧʣʠʮ ʦʮʝʥʠʚʘʝʪʩʷ ʚ 1,3 ʤʣʨʜ ʜʦʣʣʘʨʦʚ ʉʐɸ ʩ ʧʨʦʛʥʦʟʠʨʫʝʤʳʤ ʝʞʝʛʦʜʥʳʤ ʨʦʩʪʦʤ 

9,8% ʜʦ 2028 ʛʦʜʘ. ɺ ʫʩʣʦʚʠʷʭ ʛʣʦʙʘʣʴʥʦʛʦ ʠʟʤʝʥʝʥʠʷ ʢʣʠʤʘʪʘ, ʨʦʩʪʘ ʯʠʩʣʝʥʥʦʩʪʠ 

ʥʘʩʝʣʝʥʠʷ ʠ ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʦʙʝʩʧʝʯʝʥʠʷ ʧʨʦʜʦʚʦʣʴʩʪʚʝʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʪʝʧʣʠʯʥʦʝ 

ʧʨʦʠʟʚʦʜʩʪʚʦ ʧʨʠʦʙʨʝʪʘʝʪ ʩʪʨʘʪʝʛʠʯʝʩʢʦʝ ʟʥʘʯʝʥʠʝ. 

ʉʦʚʨʝʤʝʥʥʳʝ ʪʝʧʣʠʮʳ ʧʨʝʜʩʪʘʚʣʷʶʪ ʩʦʙʦʡ ʩʣʦʞʥʳʝ ʢʠʙʝʨ-ʬʠʟʠʯʝʩʢʠʝ ʩʠʩʪʝʤʳ, ʚ 

ʢʦʪʦʨʳʭ ʢʘʯʝʩʪʚʦ ʫʨʦʞʘʷ ʠ ʝʛʦ ʢʦʣʠʯʝʩʪʚʦ ʥʘʧʨʷʤʫʶ ʟʘʚʠʩʷʪ ʦʪ ʪʦʯʥʦʩʪʠ ʧʦʜʜʝʨʞʘʥʠʷ 

ʤʠʢʨʦʢʣʠʤʘʪʠʯʝʩʢʠʭ ʫʩʣʦʚʠʡ. ʊʨʘʜʠʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ ʫʧʨʘʚʣʝʥʠʷ, ʦʩʥʦʚʘʥʥʳʝ ʥʘ 

ʧʦʨʦʛʦʚʳʭ ʟʥʘʯʝʥʠʷʭ ʠ ʇʀɼ-ʨʝʛʫʣʷʪʦʨʘʭ, ʥʝ ʩʧʦʩʦʙʥʳ ʫʯʠʪʳʚʘʪʴ ʥʝʣʠʥʝʡʥʳʝ ʚʟʘʠʤʦʩʚʷʟʠ 

ʤʝʞʜʫ ʧʘʨʘʤʝʪʨʘʤʠ ʩʨʝʜʳ, ʙʠʦʣʦʛʠʯʝʩʢʠʝ ʬʘʟʳ ʨʘʟʚʠʪʠʷ ʨʘʩʪʝʥʠʡ ʠ ʠʟʤʝʥʷʶʱʠʝʩʷ 

ʚʥʝʰʥʠʝ ʫʩʣʦʚʠʷ. ʕʪʦ ʧʨʠʚʦʜʠʪ ʢ ʧʦʪʝʨʷʤ ʫʨʦʞʘʡʥʦʩʪʠ ʜʦ 30%, ʠʟʙʳʪʦʯʥʦʤʫ 

ʧʦʪʨʝʙʣʝʥʠʶ ʵʥʝʨʛʠʠ ʠ ʚʦʜʳ, ʘ ʪʘʢʞʝ ʢ ʩʥʠʞʝʥʠʶ ʢʘʯʝʩʪʚʘ ʧʨʦʜʫʢʮʠʠ. 

ʏʝʪʚʸʨʪʘʷ ʧʨʦʤʳʰʣʝʥʥʘʷ ʨʝʚʦʣʶʮʠʷ (Industry 4.0) ʦʪʢʨʳʚʘʝʪ ʧʨʠʥʮʠʧʠʘʣʴʥʦ ʥʦʚʳʝ 

ʚʦʟʤʦʞʥʦʩʪʠ ʜʣʷ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ. ʇʨʦʤʳʰʣʝʥʥʳʡ ʀʥʪʝʨʥʝʪ ʚʝʱʝʡ 

(IIoT) ʦʙʝʩʧʝʯʠʚʘʝʪ ʥʝʧʨʝʨʳʚʥʳʡ ʩʙʦʨ ʜʘʥʥʳʭ ʦʪ ʨʘʩʧʨʝʜʝʣʸʥʥʳʭ ʩʝʥʩʦʨʥʳʭ ʩʝʪʝʡ, ʘ 

ʤʝʪʦʜʳ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ð ʠʭ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʜʣʷ ʧʨʠʥʷʪʠʷ 

ʫʧʨʘʚʣʝʥʯʝʩʢʠʭ ʨʝʰʝʥʠʡ. ʉʠʥʪʝʟ AI ʠ IIoT ʪʝʭʥʦʣʦʛʠʡ ʩʦʟʜʘʸʪ ʦʩʥʦʚʫ ʜʣʷ ʩʦʟʜʘʥʠʷ 

ʘʜʘʧʪʠʚʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ, ʩʧʦʩʦʙʥʳʭ ʦʧʪʠʤʠʟʠʨʦʚʘʪʴ ʫʩʣʦʚʠʷ ʚʳʨʘʱʠʚʘʥʠʷ ʚ 

ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʩ ʫʯʸʪʦʤ ʤʥʦʞʝʩʪʚʘ ʬʘʢʪʦʨʦʚ ʦʜʥʦʚʨʝʤʝʥʥʦ. 

ʂʘʟʘʭʩʪʘʥ, ʢʘʢ ʩʪʨʘʥʘ ʩ ʨʝʟʢʦ ʢʦʥʪʠʥʝʥʪʘʣʴʥʳʤ ʢʣʠʤʘʪʦʤ ʠ ʚʳʩʦʢʦʡ ʧʦʪʨʝʙʥʦʩʪʴʶ ʚ 

ʦʪʝʯʝʩʪʚʝʥʥʦʡ ʩʝʣʴʩʢʦʭʦʟʷʡʩʪʚʝʥʥʦʡ ʧʨʦʜʫʢʮʠʠ, ʠʤʝʝʪ ʦʩʦʙʫʶ ʟʘʠʥʪʝʨʝʩʦʚʘʥʥʦʩʪʴ ʚ 

ʨʘʟʚʠʪʠʠ ʪʝʭʥʦʣʦʛʠʡ ʟʘʱʠʱʸʥʥʦʛʦ ʛʨʫʥʪʘ. ɻʦʩʫʜʘʨʩʪʚʝʥʥʘʷ ʧʨʦʛʨʘʤʤʘ ʨʘʟʚʠʪʠʷ 

ʘʛʨʦʧʨʦʤʳʰʣʝʥʥʦʛʦ ʢʦʤʧʣʝʢʩʘ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʥʘ 2021ï2025 ʛʦʜʳ ʧʨʝʜʫʩʤʘʪʨʠʚʘʝʪ 

ʟʥʘʯʠʪʝʣʴʥʦʝ ʫʚʝʣʠʯʝʥʠʝ ʧʣʦʱʘʜʝʡ ʪʝʧʣʠʮ ʠ ʚʥʝʜʨʝʥʠʝ ʮʠʬʨʦʚʳʭ ʪʝʭʥʦʣʦʛʠʡ ʚ ʩʝʣʴʩʢʦʤ 
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ʭʦʟʷʡʩʪʚʝ. ɺ ʜʘʥʥʦʤ ʢʦʥʪʝʢʩʪʝ ʨʘʟʨʘʙʦʪʢʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʳʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ 

ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʥʘ ʦʩʥʦʚʝ AI ʠ IIoT ʷʚʣʷʝʪʩʷ ʘʢʪʫʘʣʴʥʦʡ ʥʘʫʯʥʦ-ʧʨʘʢʪʠʯʝʩʢʦʡ ʟʘʜʘʯʝʡ. 

 

ɸʥʘʣʠʟ ʧʨʦʙʣʝʤʘʪʠʢʠ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʪʝʧʣʠʮʳ. ʇʘʨʘʤʝʪʨʳ 

ʤʠʢʨʦʢʣʠʤʘʪʘ ʠ ʠʭ ʚʟʘʠʤʦʩʚʷʟʠ. ʄʠʢʨʦʢʣʠʤʘʪ ʪʝʧʣʠʮʳ ʭʘʨʘʢʪʝʨʠʟʫʝʪʩʷ ʢʦʤʧʣʝʢʩʦʤ 

ʚʟʘʠʤʦʟʘʚʠʩʠʤʳʭ ʧʘʨʘʤʝʪʨʦʚ, ʢʘʞʜʳʡ ʠʟ ʢʦʪʦʨʳʭ ʦʢʘʟʳʚʘʝʪ ʩʫʱʝʩʪʚʝʥʥʦʝ ʚʣʠʷʥʠʝ ʥʘ 

ʬʠʟʠʦʣʦʛʠʯʝʩʢʠʝ ʧʨʦʮʝʩʩʳ ʨʘʩʪʝʥʠʡ. ʀʩʩʣʝʜʦʚʘʥʠʷ ʚ ʦʙʣʘʩʪʠ ʬʠʪʦʬʠʟʠʦʣʦʛʠʠ 

ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ ʦʧʪʠʤʘʣʴʥʦʝ ʩʦʯʝʪʘʥʠʝ ʫʩʣʦʚʠʡ ʤʦʞʝʪ ʫʚʝʣʠʯʠʪʴ ʫʨʦʞʘʡʥʦʩʪʴ ʪʦʤʘʪʦʚ ʥʘ 

25ï40%, ʧʝʨʮʝʚ ð ʥʘ 20ï30%, ʣʠʩʪʦʚʦʡ ʟʝʣʝʥʠ ð ʥʘ 30ï50% ʧʦ ʩʨʘʚʥʝʥʠʶ ʩ ʫʩʣʦʚʠʷʤʠ 

ʩʫʙʦʧʪʠʤʘʣʴʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ. 

 
ʊʘʙʣʠʮʘ 1. ʂʣʶʯʝʚʳʝ ʧʘʨʘʤʝʪʨʳ ʤʠʢʨʦʢʣʠʤʘʪʘ ʪʝʧʣʠʮʳ ʠ ʮʝʣʝʚʳʝ ʜʠʘʧʘʟʦʥʳ 

ʇʘʨʘʤʝʪʨ ɼʠʘʧʘʟʦʥ ʉʝʥʩʦʨ ɺʣʠʷʥʠʝ ʥʘ 

ʫʨʦʞʘʡʥʦʩʪʴ 

ʊʝʤʧʝʨʘʪʫʨʘ 

ʚʦʟʜʫʭʘ 

+18°C ï +32°C DS18B20 / PT100 ʂʨʠʪʠʯʝʩʢʦʝ (+25ï30%) 

ɺʣʘʞʥʦʩʪʴ ʚʦʟʜʫʭʘ 60% ï 85% RH DHT22 / SHT31 ɺʳʩʦʢʦʝ (+15ï20%) 

CO ʢʦʥʮʝʥʪʨʘʮʠʷ 400ï1500 ppm MH-Z19B / SCD40 ɺʳʩʦʢʦʝ (+20ï30%) 

ʆʩʚʝʱʸʥʥʦʩʪʴ 

(PAR) 

200ï1000 

ʤʢʤʦʣʴ/ʤZĿʩ 

TSL2591 / SQ-110 ʆʯʝʥʴ ʚʳʩʦʢʦʝ 

ɺʣʘʞʥʦʩʪʴ ʧʦʯʚʳ 60% ï 80% Capacitive / FDR ʂʨʠʪʠʯʝʩʢʦʝ 

ʊʝʤʧʝʨʘʪʫʨʘ ʧʦʯʚʳ +16°C ï +24°C DS18B20 (ʧʦʯʚʘ) ʉʨʝʜʥʝʝ (+10ï15%) 

EC ʨʘʩʪʚʦʨʘ 1.5ï3.5 ʤʉ/ʩʤ Atlas Scientific 

EZO 

ɺʳʩʦʢʦʝ 

pH ʨʘʩʪʚʦʨʘ 5.5ï6.8 Atlas Scientific pH ʂʨʠʪʠʯʝʩʢʦʝ 

 

ʆʩʦʙʫʶ ʩʣʦʞʥʦʩʪʴ ʧʨʝʜʩʪʘʚʣʷʝʪ ʥʝʣʠʥʝʡʥʳʡ ʭʘʨʘʢʪʝʨ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʧʘʨʘʤʝʪʨʦʚ. 

ʅʘʧʨʠʤʝʨ, ʦʧʪʠʤʘʣʴʥʘʷ ʢʦʥʮʝʥʪʨʘʮʠʷ CO  ʜʣʷ ʬʦʪʦʩʠʥʪʝʟʘ (1000ï1500 ppm) ʨʝʘʣʠʟʫʝʪʩʷ 

ʪʦʣʴʢʦ ʧʨʠ ʜʦʩʪʘʪʦʯʥʦʡ ʦʩʚʝʱʸʥʥʦʩʪʠ; ʧʨʠ ʥʝʜʦʩʪʘʪʢʝ ʩʚʝʪʘ ʧʦʚʳʰʝʥʠʝ ʢʦʥʮʝʥʪʨʘʮʠʠ 

ʫʛʣʝʢʠʩʣʦʛʦ ʛʘʟʘ ʥʝ ʜʘʸʪ ʧʨʠʨʦʩʪʘ ʫʨʦʞʘʡʥʦʩʪʠ. ɸʥʘʣʦʛʠʯʥʦ, ʪʝʤʧʝʨʘʪʫʨʥʳʡ ʦʧʪʠʤʫʤ ʜʣʷ 

ʙʦʣʴʰʠʥʩʪʚʘ ʢʫʣʴʪʫʨ ʩʫʱʝʩʪʚʝʥʥʦ ʚʘʨʴʠʨʫʝʪʩʷ ʚ ʟʘʚʠʩʠʤʦʩʪʠ ʦʪ ʬʘʟʳ ʨʘʟʚʠʪʠʷ ʨʘʩʪʝʥʠʡ: ʚ 

ʧʝʨʠʦʜ ʚʝʛʝʪʘʮʠʠ ʦʥ ʚʳʰʝ, ʯʝʤ ʚ ʧʝʨʠʦʜ ʧʣʦʜʦʦʙʨʘʟʦʚʘʥʠʷ. 

ʆʛʨʘʥʠʯʝʥʠʷ ʩʫʱʝʩʪʚʫʶʱʠʭ ʩʠʩʪʝʤ ʫʧʨʘʚʣʝʥʠʷ. ɸʥʘʣʠʟ ʧʫʙʣʠʢʘʮʠʡ ʠ ʦʪʨʘʩʣʝʚʳʭ 

ʦʪʯʸʪʦʚ ʧʦʟʚʦʣʷʝʪ ʚʳʜʝʣʠʪʴ ʩʣʝʜʫʶʱʠʝ ʦʩʥʦʚʥʳʝ ʥʝʜʦʩʪʘʪʢʠ ʪʨʘʜʠʮʠʦʥʥʳʭ ʩʠʩʪʝʤ 

ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʪʝʧʣʠʮ: 

ï ʨʝʘʢʪʠʚʥʳʡ ʭʘʨʘʢʪʝʨ ʫʧʨʘʚʣʝʥʠʷ ð ʨʝʘʢʮʠʷ ʩʠʩʪʝʤʳ ʥʘ ʦʪʢʣʦʥʝʥʠʝ ʧʘʨʘʤʝʪʨʘ ʦʪ 

ʟʘʜʘʥʥʦʛʦ ʟʥʘʯʝʥʠʷ, ʘ ʥʝ ʧʨʝʚʝʥʪʠʚʥʦʝ ʧʦʜʜʝʨʞʘʥʠʝ ʦʧʪʠʤʘʣʴʥʳʭ ʫʩʣʦʚʠʡ; 

ï ʦʪʩʫʪʩʪʚʠʝ ʘʜʘʧʪʘʮʠʠ ʢ ʩʝʟʦʥʥʳʤ ʠ ʩʫʪʦʯʥʳʤ ʠʟʤʝʥʝʥʠʷʤ ʚʥʝʰʥʠʭ ʫʩʣʦʚʠʡ, 

ʙʠʦʣʦʛʠʯʝʩʢʦʤʫ ʩʦʩʪʦʷʥʠʶ ʨʘʩʪʝʥʠʡ ʠ ʵʢʦʥʦʤʠʯʝʩʢʠʤ ʬʘʢʪʦʨʘʤ (ʪʘʨʠʬʳ ʥʘ 

ʵʣʝʢʪʨʦʵʥʝʨʛʠʶ); 

ï ʨʘʟʜʝʣʴʥʦʝ ʫʧʨʘʚʣʝʥʠʝ ʧʘʨʘʤʝʪʨʘʤʠ ʙʝʟ ʫʯʸʪʘ ʠʭ ʚʟʘʠʤʦʟʘʚʠʩʠʤʦʩʪʝʡ, ʯʪʦ ʚʝʜʸʪ ʢ 

ʥʝʵʬʬʝʢʪʠʚʥʦʤʫ ʠʩʧʦʣʴʟʦʚʘʥʠʶ ʨʝʩʫʨʩʦʚ; 

ï ʚʳʩʦʢʘʷ ʟʘʚʠʩʠʤʦʩʪʴ ʦʪ ʢʚʘʣʠʬʠʢʘʮʠʠ ʘʛʨʦʥʦʤʦʚ: ʧʨʘʚʠʣʘ ʫʧʨʘʚʣʝʥʠʷ 

ʟʘʢʦʜʠʨʦʚʘʥʳ ʚ ʚʠʜʝ ʞʸʩʪʢʠʭ ʧʦʨʦʛʦʚʳʭ ʟʥʘʯʝʥʠʡ, ʥʝ ʫʯʠʪʳʚʘʶʱʠʭ ʠʥʜʠʚʠʜʫʘʣʴʥʳʝ 

ʦʩʦʙʝʥʥʦʩʪʠ ʢʫʣʴʪʫʨʳ ʠ ʩʦʨʪʘ; 
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ï ʦʛʨʘʥʠʯʝʥʥʳʝ ʚʦʟʤʦʞʥʦʩʪʠ ʜʠʘʛʥʦʩʪʠʢʠ ʠ ʧʨʝʜʠʢʪʠʚʥʦʛʦ ʦʙʩʣʫʞʠʚʘʥʠʷ 

ʠʥʞʝʥʝʨʥʳʭ ʩʠʩʪʝʤ ʪʝʧʣʠʮʳ (ʦʪʦʧʣʝʥʠʝ, ʚʝʥʪʠʣʷʮʠʷ, ʧʦʣʠʚ). 

 

ʄʝʪʦʜʳ ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʜʣʷ ʟʘʜʘʯ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ. 

ʆʙʟʦʨ ʧʨʠʤʝʥʷʝʤʳʭ ʘʨʭʠʪʝʢʪʫʨ. ɿʘʜʘʯʘ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ 

ʪʝʧʣʠʮʳ ʚʢʣʶʯʘʝʪ ʥʝʩʢʦʣʴʢʦ ʚʟʘʠʤʦʩʚʷʟʘʥʥʳʭ ʧʦʜʟʘʜʘʯ: ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ ʧʘʨʘʤʝʪʨʦʚ 

ʩʨʝʜʳ, ʦʙʥʘʨʫʞʝʥʠʝ ʘʥʦʤʘʣʠʡ, ʦʧʪʠʤʠʟʘʮʠʷ ʫʧʨʘʚʣʷʶʱʠʭ ʚʦʟʜʝʡʩʪʚʠʡ ʠ ʘʜʘʧʪʘʮʠʷ ʢ 

ʠʟʤʝʥʷʶʱʠʤʩʷ ʫʩʣʦʚʠʷʤ. ʂʘʞʜʘʷ ʠʟ ʵʪʠʭ ʟʘʜʘʯ ʪʨʝʙʫʝʪ ʧʨʠʤʝʥʝʥʠʷ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʳʭ 

ʤʝʪʦʜʦʚ AI. 

ɺʨʝʤʝʥʥʳʝ ʨʷʜʳ ʩʝʥʩʦʨʥʳʭ ʜʘʥʥʳʭ ʩ ʚʳʨʘʞʝʥʥʳʤʠ ʜʦʣʛʦʩʨʦʯʥʳʤʠ ʟʘʚʠʩʠʤʦʩʪʷʤʠ 

(ʩʫʪʦʯʥʳʝ ʠ ʩʝʟʦʥʥʳʝ ʮʠʢʣʳ) ʥʘʠʙʦʣʝʝ ʵʬʬʝʢʪʠʚʥʦ ʦʙʨʘʙʘʪʳʚʘʶʪʩʷ ʨʝʢʫʨʨʝʥʪʥʳʤʠ 

ʥʝʡʨʦʥʥʳʤʠ ʩʝʪʷʤʠ. ɸʨʭʠʪʝʢʪʫʨʘ Long Short-Term Memory (LSTM), ʧʨʝʜʣʦʞʝʥʥʘʷ 

Hochreiter ʠ Schmidhuber ʚ 1997 ʛʦʜʫ, ʙʳʣʘ ʩʧʝʮʠʘʣʴʥʦ ʨʘʟʨʘʙʦʪʘʥʘ ʜʣʷ ʫʩʪʨʘʥʝʥʠʷ 

ʧʨʦʙʣʝʤʳ ʠʩʯʝʟʘʶʱʝʛʦ ʛʨʘʜʠʝʥʪʘ ʚ ʨʝʢʫʨʨʝʥʪʥʳʭ ʩʝʪʷʭ. ʄʝʭʘʥʠʟʤ ʚʝʥʪʠʣʝʡ (gate 

mechanism) ʧʦʟʚʦʣʷʝʪ LSTM ʠʟʙʠʨʘʪʝʣʴʥʦ ʟʘʧʦʤʠʥʘʪʴ ʠʥʬʦʨʤʘʮʠʶ ʥʘ ʜʣʠʪʝʣʴʥʳʭ 

ʚʨʝʤʝʥʥʳʭ ʛʦʨʠʟʦʥʪʘʭ ð ʢʨʠʪʠʯʝʩʢʦʝ ʧʨʝʠʤʫʱʝʩʪʚʦ ʧʨʠ ʤʦʜʝʣʠʨʦʚʘʥʠʠ ʮʠʨʢʘʜʥʳʭ 

ʨʠʪʤʦʚ ʨʘʩʪʝʥʠʡ ʠ ʤʥʦʛʦʩʫʪʦʯʥʳʭ ʢʣʠʤʘʪʠʯʝʩʢʠʭ ʧʘʪʪʝʨʥʦʚ. 

ʉʚʸʨʪʦʯʥʳʝ ʥʝʡʨʦʥʥʳʝ ʩʝʪʠ (CNN) ʜʝʤʦʥʩʪʨʠʨʫʶʪ ʚʳʩʦʢʫʶ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʧʨʠ 

ʘʥʘʣʠʟʝ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʦ ʨʘʩʧʨʝʜʝʣʸʥʥʳʭ ʜʘʥʥʳʭ (ʪʝʧʣʦʚʳʝ ʢʘʨʪʳ ʧʘʨʘʤʝʪʨʦʚ ʪʝʧʣʠʮʳ) ʠ 

ʤʥʦʛʦʢʘʥʘʣʴʥʳʭ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ. ɻʠʙʨʠʜʥʳʝ ʘʨʭʠʪʝʢʪʫʨʳ CNN-LSTM ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʦʜʥʦʚʨʝʤʝʥʥʦʝ ʠʟʚʣʝʯʝʥʠʝ ʣʦʢʘʣʴʥʳʭ ʧʘʪʪʝʨʥʦʚ (CNN) ʠ ʤʦʜʝʣʠʨʦʚʘʥʠʝ ʜʦʣʛʦʩʨʦʯʥʳʭ 

ʟʘʚʠʩʠʤʦʩʪʝʡ (LSTM), ʯʪʦ ʜʝʣʘʝʪ ʠʭ ʥʘʠʙʦʣʝʝ ʧʝʨʩʧʝʢʪʠʚʥʳʤʠ ʜʣʷ ʟʘʜʘʯ ʢʦʤʧʣʝʢʩʥʦʛʦ 

ʤʦʥʠʪʦʨʠʥʛʘ ʪʝʧʣʠʮʳ. 

ʄʝʪʦʜʳ ʦʙʫʯʝʥʠʷ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ (Reinforcement Learning, RL) ʧʨʝʜʩʪʘʚʣʷʶʪ 

ʦʩʦʙʳʡ ʠʥʪʝʨʝʩ ʜʣʷ ʟʘʜʘʯʠ ʦʧʪʠʤʠʟʘʮʠʠ ʫʧʨʘʚʣʷʶʱʠʭ ʚʦʟʜʝʡʩʪʚʠʡ. ɸʛʝʥʪ RL ʦʙʫʯʘʝʪʩʷ 

ʤʘʢʩʠʤʠʟʠʨʦʚʘʪʴ ʜʦʣʛʦʩʨʦʯʥʦʝ ʚʦʟʥʘʛʨʘʞʜʝʥʠʝ (ʫʨʦʞʘʡʥʦʩʪʴ, ʵʥʝʨʛʦʵʬʬʝʢʪʠʚʥʦʩʪʴ) 

ʧʫʪʸʤ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʩ ʦʢʨʫʞʘʶʱʝʡ ʩʨʝʜʦʡ ð ʚ ʜʘʥʥʦʤ ʩʣʫʯʘʝ ʪʝʧʣʠʯʥʦʡ ʵʢʦʩʠʩʪʝʤʦʡ. 

ɸʣʛʦʨʠʪʤ Proximal Policy Optimization (PPO) ʠ ʝʛʦ ʧʨʦʠʟʚʦʜʥʳʝ ʧʦʢʘʟʘʣʠ ʚʳʩʦʢʫʶ 

ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʚ ʟʘʜʘʯʘʭ ʫʧʨʘʚʣʝʥʠʷ ʥʝʧʨʝʨʳʚʥʳʤʠ ʧʝʨʝʤʝʥʥʳʤʠ. 

 
ʊʘʙʣʠʮʘ 2. ʉʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʤʝʪʦʜʦʚ AI  ʜʣʷ ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ 

ʄʝʪʦʜ AI  ʊʦʯʥʦʩʪʴ ʃʘʪʝʥʪʥʦʩʪʴ ʈʝʩʫʨʩʳ ʀʥʪʝʨʧʨʝʪ. 

LSTM 92ï96% 50ï200 ʤʩ ʉʨʝʜʥʠʝ ʅʠʟʢʘʷ 

CNN-LSTM (ʛʠʙʨʠʜ) 94ï98% 30ï150 ʤʩ ɺʳʩʦʢʠʝ ʅʠʟʢʘʷ 

Random Forest 85ï90% 5ï20 ʤʩ ʅʠʟʢʠʝ ɺʳʩʦʢʘʷ 

SVM 80ï87% 1ï10 ʤʩ ʅʠʟʢʠʝ ʉʨʝʜʥʷʷ 

Reinforcement Learning 91ï95% 10ï50 ʤʩ ɺʳʩʦʢʠʝ ʆʯʝʥʴ ʥʠʟʢʘʷ 

Fuzzy Logic + AI 88ï93% 5ï30 ʤʩ ʅʠʟʢʠʝ ɺʳʩʦʢʘʷ 

 

ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ. ʊʦʯʥʦʝ ʢʨʘʪʢʦʩʨʦʯʥʦʝ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʝ 

ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ (ʛʦʨʠʟʦʥʪ 15ï60 ʤʠʥʫʪ) ʷʚʣʷʝʪʩʷ ʥʝʦʙʭʦʜʠʤʳʤ ʫʩʣʦʚʠʝʤ ʜʣʷ 

ʨʝʘʣʠʟʘʮʠʠ ʧʨʝʚʝʥʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ. ʀʩʩʣʝʜʦʚʘʥʠʷ ʧʦʢʘʟʳʚʘʶʪ, ʯʪʦ LSTM-ʤʦʜʝʣʠ, 

ʦʙʫʯʝʥʥʳʝ ʥʘ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ ʪʝʧʣʠʮʳ, ʦʙʝʩʧʝʯʠʚʘʶʪ ʩʨʝʜʥʝʢʚʘʜʨʘʪʠʯʝʩʢʫʶ 

ʦʰʠʙʢʫ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʪʝʤʧʝʨʘʪʫʨʳ ʚʦʟʜʫʭʘ ʥʘ ʫʨʦʚʥʝ 0,3ï0,8°C ʥʘ ʛʦʨʠʟʦʥʪʝ 30 ʤʠʥʫʪ, 

ʯʪʦ ʟʥʘʯʠʪʝʣʴʥʦ ʧʨʝʚʦʩʭʦʜʠʪ ʨʝʟʫʣʴʪʘʪʳ ʢʣʘʩʩʠʯʝʩʢʠʭ ʤʝʪʦʜʦʚ ʘʚʪʦʨʝʛʨʝʩʩʠʠ (ARIMA)  ð 

1,2ï2,1°C. 
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ɺ ʥʘʰʝʤ ʠʩʩʣʝʜʦʚʘʥʠʠ ʧʣʘʥʠʨʫʝʪʩʷ ʧʨʠʤʝʥʝʥʠʝ ʤʥʦʛʦʚʭʦʜʦʚʳʭ LSTM-ʤʦʜʝʣʝʡ, 

ʧʨʠʥʠʤʘʶʱʠʭ ʥʘ ʚʭʦʜ: 

ï ʠʩʪʦʨʠʯʝʩʢʠʝ ʟʥʘʯʝʥʠʷ ʮʝʣʝʚʦʛʦ ʧʘʨʘʤʝʪʨʘ (ʩʢʦʣʴʟʷʱʝʝ ʦʢʥʦ 24ï48 ʯʘʩʦʚ); 

ï ʟʥʘʯʝʥʠʷ ʚʟʘʠʤʦʩʚʷʟʘʥʥʳʭ ʧʘʨʘʤʝʪʨʦʚ (temperature, humidity, CO  ʢʘʢ ʤʥʦʛʦʤʝʨʥʳʡ 

ʚʨʝʤʝʥʥʦʡ ʨʷʜ); 

ï ʤʝʪʝʦʨʦʣʦʛʠʯʝʩʢʠʝ ʜʘʥʥʳʝ (ʪʝʤʧʝʨʘʪʫʨʘ ʥʘʨʫʞʥʦʛʦ ʚʦʟʜʫʭʘ, ʩʦʣʥʝʯʥʘʷ ʨʘʜʠʘʮʠʷ, 

ʦʙʣʘʯʥʦʩʪʴ); 

ï ʫʧʨʘʚʣʷʶʱʠʝ ʚʦʟʜʝʡʩʪʚʠʷ (ʨʝʞʠʤʳ ʨʘʙʦʪʳ ʩʠʩʪʝʤ ʦʪʦʧʣʝʥʠʷ, ʚʝʥʪʠʣʷʮʠʠ, 

ʟʘʪʝʥʝʥʠʷ); 

ï ʬʝʥʦʣʦʛʠʯʝʩʢʠʝ ʜʘʥʥʳʝ (ʩʪʘʜʠʷ ʨʘʟʚʠʪʠʷ ʨʘʩʪʝʥʠʡ, ʚʦʟʨʘʩʪ ʢʫʣʴʪʫʨʳ). 

 

ʆʙʥʘʨʫʞʝʥʠʝ ʘʥʦʤʘʣʠʡ ʠ ʧʨʝʜʠʢʪʠʚʥʦʝ ʦʙʩʣʫʞʠʚʘʥʠʝ. ʆʪʢʘʟʳ ʩʝʥʩʦʨʦʚ, 

ʥʝʠʩʧʨʘʚʥʦʩʪʠ ʠʩʧʦʣʥʠʪʝʣʴʥʳʭ ʫʩʪʨʦʡʩʪʚ ʠ ʥʝʰʪʘʪʥʳʝ ʩʠʪʫʘʮʠʠ ʚ ʪʝʧʣʠʮʝ ʤʦʛʫʪ ʧʨʠʚʝʩʪʠ 

ʢ ʟʥʘʯʠʪʝʣʴʥʳʤ ʧʦʪʝʨʷʤ ʫʨʦʞʘʷ. ʉʠʩʪʝʤʳ ʦʙʥʘʨʫʞʝʥʠʷ ʘʥʦʤʘʣʠʡ ʥʘ ʦʩʥʦʚʝ ʘʚʪʦʵʥʢʦʜʝʨʦʚ 

(Autoencoder) ʦʙʫʯʘʶʪʩʷ ʥʘ ʥʦʨʤʘʣʴʥʳʭ ʨʝʞʠʤʘʭ ʨʘʙʦʪʳ ʠ ʩʠʛʥʘʣʠʟʠʨʫʶʪ ʦʙ ʦʪʢʣʦʥʝʥʠʷʭ, 

ʧʨʝʚʳʰʘʶʱʠʭ ʩʪʘʪʠʩʪʠʯʝʩʢʠ ʦʙʦʩʥʦʚʘʥʥʳʡ ʧʦʨʦʛ. ɺʘʨʠʘʮʠʦʥʥʳʝ ʘʚʪʦʵʥʢʦʜʝʨʳ (VAE) 

ʜʦʧʦʣʥʠʪʝʣʴʥʦ ʦʙʝʩʧʝʯʠʚʘʶʪ ʚʝʨʦʷʪʥʦʩʪʥʫʶ ʦʮʝʥʢʫ ʘʥʦʤʘʣʠʠ, ʯʪʦ ʧʦʟʚʦʣʷʝʪ ʨʘʥʞʠʨʦʚʘʪʴ 

ʩʦʙʳʪʠʷ ʧʦ ʩʪʝʧʝʥʠ ʢʨʠʪʠʯʥʦʩʪʠ. ɸʥʘʣʠʟ ʚʠʙʨʘʮʠʦʥʥʳʭ ʠ ʪʦʢʦʚʳʭ ʩʠʛʥʘʪʫʨ ʜʚʠʛʘʪʝʣʝʡ 

ʚʝʥʪʠʣʷʮʠʦʥʥʳʭ ʫʩʪʘʥʦʚʦʢ, ʮʠʨʢʫʣʷʮʠʦʥʥʳʭ ʥʘʩʦʩʦʚ ʠ ʩʠʩʪʝʤ ʟʘʪʝʥʝʥʠʷ ʤʝʪʦʜʘʤʠ 

ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʦʟʚʦʣʷʝʪ ʧʨʝʜʩʢʘʟʳʚʘʪʴ ʠʭ ʦʪʢʘʟ ʟʘ 48ï96 ʯʘʩʦʚ, ʦʙʝʩʧʝʯʠʚʘʷ 

ʚʦʟʤʦʞʥʦʩʪʴ ʧʣʘʥʦʚʦʛʦ ʪʝʭʥʠʯʝʩʢʦʛʦ ʦʙʩʣʫʞʠʚʘʥʠʷ. 

 

ɸʨʭʠʪʝʢʪʫʨʘ IIoT-ʧʣʘʪʬʦʨʤʳ ʜʣʷ ʪʝʧʣʠʯʥʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ. ʄʥʦʛʦʫʨʦʚʥʝʚʘʷ 

ʘʨʭʠʪʝʢʪʫʨʘ ʩʠʩʪʝʤʳ. ʈʘʟʨʘʙʘʪʳʚʘʝʤʘʷ ʩʠʩʪʝʤʘ ʩʪʨʦʠʪʩʷ ʥʘ ʪʨʸʭʫʨʦʚʥʝʚʦʡ ʘʨʭʠʪʝʢʪʫʨʝ 

IIoT, ʦʙʝʩʧʝʯʠʚʘʶʱʝʡ ʛʠʙʢʦʩʪʴ, ʤʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʠ ʦʪʢʘʟʦʫʩʪʦʡʯʠʚʦʩʪʴ: 

ï ʋʨʦʚʝʥʴ 1: ʋʨʦʚʝʥʴ ʚʦʩʧʨʠʷʪʠʷ (Perception Layer). 

ʈʘʩʧʨʝʜʝʣʸʥʥʘʷ ʩʝʪʴ ʩʝʥʩʦʨʥʳʭ ʫʟʣʦʚ ʥʘ ʙʘʟʝ ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨʦʚ ESP32 ʠ STM32, 

ʦʩʫʱʝʩʪʚʣʷʶʱʠʭ ʠʟʤʝʨʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ ʩ ʯʘʩʪʦʪʦʡ 1ï10 ɻʮ. ʂʘʞʜʳʡ ʫʟʝʣ 

ʦʩʥʘʱʸʥ ʣʦʢʘʣʴʥʳʤ ʙʫʬʝʨʦʤ ʜʘʥʥʳʭ (micro-SD), ʦʙʝʩʧʝʯʠʚʘʶʱʠʤ ʩʦʭʨʘʥʥʦʩʪʴ ʜʘʥʥʳʭ 

ʧʨʠ ʥʘʨʫʰʝʥʠʠ ʩʚʷʟʠ. ʇʠʪʘʥʠʝ ʩʝʥʩʦʨʥʳʭ ʫʟʣʦʚ ʨʝʘʣʠʟʦʚʘʥʦ ʧʦ ʪʝʭʥʦʣʦʛʠʠ Power over 

Ethernet (PoE) ʩ ʨʝʟʝʨʚʠʨʦʚʘʥʠʝʤ ʦʪ ʘʢʢʫʤʫʣʷʪʦʨʥʳʭ ʙʘʪʘʨʝʡ. 

ï ʋʨʦʚʝʥʴ 2: ʋʨʦʚʝʥʴ ʧʝʨʠʬʝʨʠʡʥʳʭ ʚʳʯʠʩʣʝʥʠʡ (Edge Computing Layer). 

ʇʨʦʤʳʰʣʝʥʥʳʝ h ʣʶʟʳ ʥʘ ʙʘʟʝ NVIDIA  Jetson Nano ʠ Raspberry Pi 4 Model B ʦʙʝʩʧʝʯʠʚʘʶʪ 

ʣʦʢʘʣʴʥʫʶ ʦʙʨʘʙʦʪʢʫ ʜʘʥʥʳʭ, ʟʘʧʫʩʢ AI-ʤʦʜʝʣʝʡ ʚ ʨʝʞʠʤʝ ʚʳʚʦʜʘ (inference) ʩ ʟʘʜʝʨʞʢʦʡ 

ʤʝʥʝʝ 50 ʤʩ, ʘ ʪʘʢʞʝ ʘʛʨʝʛʘʮʠʶ ʠ ʧʨʝʜʚʘʨʠʪʝʣʴʥʫʶ ʬʠʣʴʪʨʘʮʠʶ ʧʦʪʦʢʦʚ ʜʘʥʥʳʭ ʧʝʨʝʜ 

ʦʪʧʨʘʚʢʦʡ ʚ ʦʙʣʘʢʦ. ʃʦʢʘʣʠʟʘʮʠʷ ʚʳʯʠʩʣʝʥʠʡ ʥʘ ʵʪʦʤ ʫʨʦʚʥʝ ʢʨʠʪʠʯʥʘ ʜʣʷ ʦʙʝʩʧʝʯʝʥʠʷ 

ʘʚʪʦʥʦʤʥʦʩʪʠ ʩʠʩʪʝʤʳ ʧʨʠ ʥʝʩʪʘʙʠʣʴʥʦʤ ʠʥʪʝʨʥʝʪ-ʩʦʝʜʠʥʝʥʠʠ. 

ï ʋʨʦʚʝʥʴ 3: ʋʨʦʚʝʥʴ ʦʙʣʘʯʥʦʡ ʧʣʘʪʬʦʨʤʳ (Cloud Platform Layer). 

ʆʙʣʘʯʥʘʷ ʠʥʬʨʘʩʪʨʫʢʪʫʨʘ (Microsoft Azure IoT Hub / AWS IoT Core) ʦʙʝʩʧʝʯʠʚʘʝʪ 

ʭʨʘʥʝʥʠʝ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ, ʦʙʫʯʝʥʠʝ ʠ ʧʝʨʝʦʙʫʯʝʥʠʝ AI-ʤʦʜʝʣʝʡ, ʘʥʘʣʠʪʠʯʝʩʢʠʝ 

ʜʘʰʙʦʨʜʳ ʜʣʷ ʘʛʨʦʥʦʤʦʚ ʠ ʤʝʥʝʜʞʝʨʦʚ, ʘ ʪʘʢʞʝ ʠʥʪʝʛʨʘʮʠʶ ʩ ʚʥʝʰʥʠʤʠ ʩʠʩʪʝʤʘʤʠ 

(ʤʝʪʝʦʩʣʫʞʙʘ, ERP-ʩʠʩʪʝʤʳ ʭʦʟʷʡʩʪʚʘ). 

 

ʂʦʤʤʫʥʠʢʘʮʠʦʥʥʘʷ ʠʥʬʨʘʩʪʨʫʢʪʫʨʘ. ɺʳʙʦʨ ʧʨʦʪʦʢʦʣʦʚ ʧʝʨʝʜʘʯʠ ʜʘʥʥʳʭ 

ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʩ ʫʯʸʪʦʤ ʪʨʝʙʦʚʘʥʠʡ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ, ʥʘʜʸʞʥʦʩʪʠ ʠ ʙʝʟʦʧʘʩʥʦʩʪʠ. ɺ 

ʨʘʟʨʘʙʘʪʳʚʘʝʤʦʡ ʩʠʩʪʝʤʝ ʧʨʠʤʝʥʷʝʪʩʷ ʠʝʨʘʨʭʠʯʝʩʢʘʷ ʩʭʝʤʘ ʢʦʤʤʫʥʠʢʘʮʠʠ: 
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ʊʘʙʣʠʮʘ 3. ʂʦʤʤʫʥʠʢʘʮʠʦʥʥʳʝ ʧʨʦʪʦʢʦʣʳ IIoT-ʩʠʩʪʝʤʳ ʤʦʥʠʪʦʨʠʥʛʘ ʪʝʧʣʠʮʳ 

ʇʨʦʪʦʢʦʣ ʇʨʠʤʝʥʝʥʠʝ ɿʘʜʝʨʞʢʘ ɹʝʟʦʧʘʩʥʦʩʪʴ 

MQTT ɼʘʥʥʳʝ ʩʝʥʩʦʨʦʚ Ÿ ʦʙʣʘʢʦ < 50 ʤʩ TLS/SSL 

OPC UA SCADA-ʠʥʪʝʛʨʘʮʠʷ < 10 ʤʩ ɺʩʪʨʦʝʥʥʘʷ 

Modbus RTU ʃʦʢʘʣʴʥʳʝ ʫʩʪʨʦʡʩʪʚʘ < 5 ʤʩ ʅʝʪ 

LoRaWAN ɼʘʣʴʥʷʷ ʙʝʩʧʨʦʚʦʜʥʘʷ ʩʚʷʟʴ 1ï5 ʩ AES-128 

Zigbee ʉʝʥʩʦʨʥʳʝ ʩʝʪʠ < 30 ʤʩ AES-128 

HTTP/REST API ʠ ʚʝʙ-ʠʥʪʝʨʬʝʡʩ 50ï500 ʤʩ HTTPS 

 

ɼʣʷ ʦʙʝʩʧʝʯʝʥʠʷ ʠʥʬʦʨʤʘʮʠʦʥʥʦʡ ʙʝʟʦʧʘʩʥʦʩʪʠ ʧʨʠʤʝʥʷʝʪʩʷ ʤʥʦʛʦʫʨʦʚʥʝʚʘʷ 

ʟʘʱʠʪʘ: ʰʠʬʨʦʚʘʥʠʝ ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ ʧʦ ʧʨʦʪʦʢʦʣʫ TLS 1.3, ʘʫʪʝʥʪʠʬʠʢʘʮʠʷ 

ʫʩʪʨʦʡʩʪʚ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʩʝʨʪʠʬʠʢʘʪʦʚ X.509, ʨʦʣʝʚʦʝ ʨʘʟʛʨʘʥʠʯʝʥʠʝ ʜʦʩʪʫʧʘ (RBAC) ʠ 

ʩʝʛʤʝʥʪʘʮʠʷ ʩʝʪʠ ʧʦʩʨʝʜʩʪʚʦʤ VLAN. ʉʦʦʪʚʝʪʩʪʚʠʝ ʪʨʝʙʦʚʘʥʠʷʤ GDPR ʠ ʦʪʝʯʝʩʪʚʝʥʥʦʛʦ 

ʟʘʢʦʥʦʜʘʪʝʣʴʩʪʚʘ ʦ ʟʘʱʠʪʝ ʧʝʨʩʦʥʘʣʴʥʳʭ ʜʘʥʥʳʭ ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʧʨʠʤʝʥʝʥʠʝʤ 

ʤʝʭʘʥʠʟʤʦʚ ʘʥʦʥʠʤʠʟʘʮʠʠ ʠ ʧʩʝʚʜʦʥʠʤʠʟʘʮʠʠ ʜʘʥʥʳʭ. 

ʍʨʘʥʝʥʠʝ ʠ ʦʙʨʘʙʦʪʢʘ ʜʘʥʥʳʭ. ʆʙʲʸʤ ʜʘʥʥʳʭ, ʛʝʥʝʨʠʨʫʝʤʳʭ ʩʝʥʩʦʨʥʦʡ 

ʠʥʬʨʘʩʪʨʫʢʪʫʨʦʡ ʩʨʝʜʥʝʨʘʟʤʝʨʥʦʡ ʪʝʧʣʠʮʳ (1ï2 ʛʘ), ʩʦʩʪʘʚʣʷʝʪ ʧʦʨʷʜʢʘ 50ï200 ɻɹ ʚ ʛʦʜ 

ʧʨʠ ʯʘʩʪʦʪʝ ʦʧʨʦʩʘ 1 ɻʮ. ɼʣʷ ʵʬʬʝʢʪʠʚʥʦʛʦ ʭʨʘʥʝʥʠʷ ʠ ʦʙʨʘʙʦʪʢʠ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ 

ʧʨʠʤʝʥʷʝʪʩʷ ʩʧʝʮʠʘʣʠʟʠʨʦʚʘʥʥʘʷ ʉʋɹɼ InfluxDB, ʦʧʪʠʤʠʟʠʨʦʚʘʥʥʘʷ ʜʣʷ ʨʘʙʦʪʳ ʩ 

ʚʨʝʤʝʥʥʳʤʠ ʤʝʪʢʘʤʠ ʠ ʦʙʝʩʧʝʯʠʚʘʶʱʘʷ ʘʚʪʦʤʘʪʠʯʝʩʢʦʝ ʫʜʘʣʝʥʠʝ ʫʩʪʘʨʝʚʰʠʭ ʜʘʥʥʳʭ 

(data retention policies). ɼʣʷ ʘʛʨʝʛʠʨʦʚʘʥʥʳʭ ʘʥʘʣʠʪʠʯʝʩʢʠʭ ʜʘʥʥʳʭ ʠʩʧʦʣʴʟʫʝʪʩʷ 

ʨʝʣʷʮʠʦʥʥʘʷ ʉʋɹɼ PostgreSQL. 

ʆʙʨʘʙʦʪʢʘ ʧʦʪʦʢʦʚʳʭ ʜʘʥʥʳʭ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʧʦʩʨʝʜʩʪʚʦʤ 

ʧʣʘʪʬʦʨʤʳ Apache Kafka, ʦʙʝʩʧʝʯʠʚʘʶʱʝʡ ʚʳʩʦʢʫʶ ʧʨʦʧʫʩʢʥʫʶ ʩʧʦʩʦʙʥʦʩʪʴ (ʜʦ 1 ʤʣʥ 

ʩʦʦʙʱʝʥʠʡ ʚ ʩʝʢʫʥʜʫ) ʠ ʛʘʨʘʥʪʠʨʦʚʘʥʥʫʶ ʜʦʩʪʘʚʢʫ. ɸʥʘʣʠʪʠʯʝʩʢʠʡ ʢʦʥʚʝʡʝʨ ʨʝʘʣʠʟʦʚʘʥ 

ʥʘ ʙʘʟʝ Apache Flink ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʩʢʦʣʴʟʷʱʠʭ ʦʢʦʥ (sliding windows) ʜʣʷ ʚʳʯʠʩʣʝʥʠʷ 

ʘʛʨʝʛʘʪʦʚ ʠ ʜʝʪʝʢʪʠʨʦʚʘʥʠʷ ʧʘʪʪʝʨʥʦʚ ʚ ʧʦʪʦʢʝ ʜʘʥʥʳʭ. 

ɸʜʘʧʪʠʚʥʘʷ ʩʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ. ʂʦʥʮʝʧʮʠʷ ʤʥʦʛʦʫʨʦʚʥʝʚʦʛʦ 

ʫʧʨʘʚʣʝʥʠʷ. ʉʠʩʪʝʤʘ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʩʪʨʦʠʪʩʷ ʥʘ ʧʨʠʥʮʠʧʘʭ ʠʝʨʘʨʭʠʯʝʩʢʦʛʦ 

ʘʜʘʧʪʠʚʥʦʛʦ ʫʧʨʘʚʣʝʥʠʷ, ʚʢʣʶʯʘʶʱʝʛʦ ʪʨʠ ʢʦʥʪʫʨʘ: 

1. ʂʦʥʪʫʨ ʩʪʘʙʠʣʠʟʘʮʠʠ (ʯʘʩʪʦʪʘ: 1ï10 ʩ) ð ʧʦʜʜʝʨʞʘʥʠʝ ʪʝʢʫʱʠʭ ʟʥʘʯʝʥʠʡ 

ʧʘʨʘʤʝʪʨʦʚ ʚ ʟʘʜʘʥʥʳʭ ʜʠʘʧʘʟʦʥʘʭ ʧʦʩʨʝʜʩʪʚʦʤ ʇʀɼ-ʨʝʛʫʣʷʪʦʨʦʚ, ʧʘʨʘʤʝʪʨʳ ʢʦʪʦʨʳʭ 

ʘʜʘʧʪʠʨʫʶʪʩʷ ʥʘ ʦʩʥʦʚʝ ʜʘʥʥʳʭ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ; 

2. ʂʦʥʪʫʨ ʦʧʪʠʤʠʟʘʮʠʠ (ʯʘʩʪʦʪʘ: 1ï15 ʤʠʥ) ð ʜʠʥʘʤʠʯʝʩʢʘʷ ʢʦʨʨʝʢʪʠʨʦʚʢʘ ʫʩʪʘʚʦʢ 

ʨʝʛʫʣʷʪʦʨʦʚ ʥʘ ʦʩʥʦʚʝ ʧʨʦʛʥʦʟʥʳʭ ʤʦʜʝʣʝʡ AI  ʩ ʫʯʸʪʦʤ ʢʨʘʪʢʦʩʨʦʯʥʦʛʦ ʧʨʦʛʥʦʟʘ ʧʦʛʦʜʳ ʠ 

ʪʝʢʫʱʝʡ ʩʪʘʜʠʠ ʨʘʟʚʠʪʠʷ ʨʘʩʪʝʥʠʡ; 

3. ʂʦʥʪʫʨ ʩʪʨʘʪʝʛʠʯʝʩʢʦʛʦ ʧʣʘʥʠʨʦʚʘʥʠʷ (ʯʘʩʪʦʪʘ: 24ï168 ʯ) ð ʜʦʣʛʦʩʨʦʯʥʦʝ 

ʧʣʘʥʠʨʦʚʘʥʠʝ ʨʝʞʠʤʦʚ ʧʨʦʠʟʚʦʜʩʪʚʘ, ʫʧʨʘʚʣʝʥʠʝ ʨʝʩʫʨʩʘʤʠ (ʵʥʝʨʛʠʷ, ʚʦʜʘ, ʫʜʦʙʨʝʥʠʷ), 

ʠʥʪʝʛʨʘʮʠʷ ʩ ʨʳʥʦʯʥʳʤʠ ʜʘʥʥʳʤʠ ʠ ʘʛʨʦʥʦʤʠʯʝʩʢʠʤʠ ʤʦʜʝʣʷʤʠ. 

ʆʙʫʯʝʥʠʝ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ ʜʣʷ ʦʧʪʠʤʠʟʘʮʠʠ ʫʧʨʘʚʣʝʥʠʷ. ɿʘʜʘʯʘ ʦʧʪʠʤʘʣʴʥʦʛʦ 

ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʬʦʨʤʘʣʠʟʫʝʪʩʷ ʢʘʢ ʟʘʜʘʯʘ ʄʘʨʢʦʚʩʢʦʛʦ ʧʨʦʮʝʩʩʘ ʧʨʠʥʷʪʠʷ 

ʨʝʰʝʥʠʡ (Markov Decision Process, MDP) ʩʦ ʩʣʝʜʫʶʱʠʤʠ ʢʦʤʧʦʥʝʥʪʘʤʠ: 

ï ʇʨʦʩʪʨʘʥʩʪʚʦ ʩʦʩʪʦʷʥʠʡ S: ʚʝʢʪʦʨ ʪʝʢʫʱʠʭ ʟʥʘʯʝʥʠʡ ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ, 

ʤʝʪʝʦʨʦʣʦʛʠʯʝʩʢʠʭ ʫʩʣʦʚʠʡ, ʵʥʝʨʛʝʪʠʯʝʩʢʠʭ ʪʘʨʠʬʦʚ ʠ ʬʝʥʦʣʦʛʠʯʝʩʢʦʛʦ ʩʦʩʪʦʷʥʠʷ 

ʢʫʣʴʪʫʨʳ; 
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ï ʇʨʦʩʪʨʘʥʩʪʚʦ ʜʝʡʩʪʚʠʡ A: ʫʧʨʘʚʣʷʶʱʠʝ ʚʦʟʜʝʡʩʪʚʠʷ ʥʘ ʠʩʧʦʣʥʠʪʝʣʴʥʳʝ 

ʫʩʪʨʦʡʩʪʚʘ (ʫʩʪʘʚʢʠ ʩʠʩʪʝʤ ʦʪʦʧʣʝʥʠʷ, ʚʝʥʪʠʣʷʮʠʠ, ʜʦʩʚʝʯʠʚʘʥʠʷ, ʧʦʣʠʚʘ ʠ ʧʠʪʘʥʠʷ); 

ï ʌʫʥʢʮʠʷ ʚʦʟʥʘʛʨʘʞʜʝʥʠʷ R: ʚʟʚʝʰʝʥʥʘʷ ʢʦʤʙʠʥʘʮʠʷ ʠʥʜʝʢʩʦʚ ʨʦʩʪʘ ʨʘʩʪʝʥʠʡ, 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʷ, ʨʘʩʭʦʜʘ ʚʦʜʳ ʠ ʢʘʯʝʩʪʚʘ ʧʨʦʜʫʢʮʠʠ; 

ï ʇʦʣʠʪʠʢʘ ʫʧʨʘʚʣʝʥʠʷ ˊ: ʩʪʨʘʪʝʛʠʷ ʚʳʙʦʨʘ ʜʝʡʩʪʚʠʡ, ʦʧʪʠʤʠʟʠʨʫʝʤʘʷ ʘʣʛʦʨʠʪʤʦʤ 

PPO (Proximal Policy Optimization). 

ɼʣʷ ʙʝʟʦʧʘʩʥʦʛʦ ʦʙʫʯʝʥʠʷ ʘʛʝʥʪʘ ʙʝʟ ʧʨʷʤʦʛʦ ʚʟʘʠʤʦʜʝʡʩʪʚʠʷ ʩ ʨʝʘʣʴʥʦʡ ʪʝʧʣʠʮʝʡ 

ʠʩʧʦʣʴʟʫʝʪʩʷ ʮʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ ð ʠʤʠʪʘʮʠʦʥʥʘʷ ʤʦʜʝʣʴ, ʚʦʩʧʨʦʠʟʚʦʜʷʱʘʷ ʜʠʥʘʤʠʢʫ 

ʤʠʢʨʦʢʣʠʤʘʪʘ ʩ ʪʦʯʥʦʩʪʴʶ, ʜʦʩʪʘʪʦʯʥʦʡ ʜʣʷ ʧʝʨʝʥʦʩʘ ʦʙʫʯʝʥʥʦʡ ʧʦʣʠʪʠʢʠ ʚ ʨʝʘʣʴʥʫʶ 

ʩʨʝʜʫ (sim-to-real transfer). 

ɸʜʘʧʪʠʚʥʦʩʪʴ ʠ ʧʝʨʝʥʦʩ ʟʥʘʥʠʡ. ʂʣʶʯʝʚʳʤ ʪʨʝʙʦʚʘʥʠʝʤ ʢ ʨʘʟʨʘʙʘʪʳʚʘʝʤʦʡ 

ʩʠʩʪʝʤʝ ʷʚʣʷʝʪʩʷ ʩʧʦʩʦʙʥʦʩʪʴ ʘʜʘʧʪʠʨʦʚʘʪʴʩʷ ʢ ʠʟʤʝʥʷʶʱʠʤʩʷ ʫʩʣʦʚʠʷʤ ʙʝʟ 

ʥʝʦʙʭʦʜʠʤʦʩʪʠ ʧʦʣʥʦʛʦ ʧʝʨʝʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ. ɼʣʷ ʵʪʦʛʦ ʧʨʠʤʝʥʷʝʪʩʷ ʨʷʜ ʤʝʪʦʜʦʚ 

ʘʜʘʧʪʠʚʥʦʛʦ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ: 

ï ʆʥʣʘʡʥ-ʦʙʫʯʝʥʠʝ (Online Learning): ʥʝʧʨʝʨʳʚʥʦʝ ʦʙʥʦʚʣʝʥʠʝ ʧʘʨʘʤʝʪʨʦʚ ʤʦʜʝʣʝʡ ʥʘ 

ʧʦʩʪʫʧʘʶʱʠʭ ʜʘʥʥʳʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʝʪʦʜʦʚ ʩʪʦʭʘʩʪʠʯʝʩʢʦʛʦ ʛʨʘʜʠʝʥʪʥʦʛʦ ʩʧʫʩʢʘ ʠ 

ʘʜʘʧʪʠʚʥʳʭ ʦʧʪʠʤʠʟʘʪʦʨʦʚ (Adam, RMSprop); 

ï Transfer Learning: ʠʩʧʦʣʴʟʦʚʘʥʠʝ ʧʨʝʜʦʙʫʯʝʥʥʳʭ ʥʘ ʦʙʱʠʭ ʘʛʨʦʜʘʥʥʳʭ ʤʦʜʝʣʝʡ ʚ 
ʢʘʯʝʩʪʚʝ ʠʥʠʮʠʘʣʠʟʘʮʠʠ ʜʣʷ ʦʙʫʯʝʥʠʷ ʥʘ ʜʘʥʥʳʭ ʢʦʥʢʨʝʪʥʦʡ ʪʝʧʣʠʮʳ; ʩʦʢʨʘʱʝʥʠʝ ʦʙʲʸʤʘ 

ʥʝʦʙʭʦʜʠʤʳʭ ʜʘʥʥʳʭ ʚ 5ï10 ʨʘʟ; 

ï Federated Learning: ʩʦʚʤʝʩʪʥʦʝ ʦʙʫʯʝʥʠʝ ʤʦʜʝʣʠ ʥʘ ʜʘʥʥʳʭ ʥʝʩʢʦʣʴʢʠʭ ʪʝʧʣʠʮ ʙʝʟ 
ʧʝʨʝʜʘʯʠ ʩʳʨʳʭ ʜʘʥʥʳʭ ð ʦʙʝʩʧʝʯʝʥʠʝ ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʠ ʠ ʥʘʢʦʧʣʝʥʠʝ ʦʧʳʪʘ ʠʟ 

ʨʘʩʧʨʝʜʝʣʸʥʥʳʭ ʠʩʪʦʯʥʠʢʦʚ; 

ï Continual Learning: ʧʨʝʜʦʪʚʨʘʱʝʥʠʝ "ʢʘʪʘʩʪʨʦʬʠʯʝʩʢʦʛʦ ʟʘʙʳʚʘʥʠʷ" ʧʨʠ ʜʦʦʙʫʯʝʥʠʠ 
ʥʘ ʥʦʚʳʭ ʜʘʥʥʳʭ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʤʝʪʦʜʦʚ Elastic Weight Consolidation (EWC) ʠ 

Progressive Neural Networks. 

 

ʇʨʦʛʨʘʤʤʥʘʷ ʨʝʘʣʠʟʘʮʠʷ ʠ ʧʨʝʜʚʘʨʠʪʝʣʴʥʳʝ ʨʝʟʫʣʴʪʘʪʳ. ʊʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʩʪʝʢ. 

ʇʨʦʛʨʘʤʤʥʘʷ ʨʝʘʣʠʟʘʮʠʷ ʩʠʩʪʝʤʳ ʦʩʫʱʝʩʪʚʣʷʝʪʩʷ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʩʣʝʜʫʶʱʝʛʦ 

ʪʝʭʥʦʣʦʛʠʯʝʩʢʦʛʦ ʩʪʝʢʘ: 

ï ɺʩʪʨʦʝʥʥʦʝ ʇʆ ʩʝʥʩʦʨʥʳʭ ʫʟʣʦʚ: FreeRTOS ʥʘ ESP32/STM32, ʜʨʘʡʚʝʨʳ ʩʝʥʩʦʨʦʚ ʥʘ 
C/C++, ʩʪʝʢ MQTT-ʢʣʠʝʥʪʘ; 

ï Edge-ʫʨʦʚʝʥʴ: Python 3.11, TensorFlow Lite / ONNX Runtime ʜʣʷ ʚʳʚʦʜʘ AI-ʤʦʜʝʣʝʡ, 

Node-RED ʜʣʷ ʦʨʢʝʩʪʨʘʮʠʠ ʧʦʪʦʢʦʚ ʜʘʥʥʳʭ; 

ï ʆʙʣʘʯʥʘʷ ʧʣʘʪʬʦʨʤʘ: Python (FastAPI ʜʣʷ REST API), Apache Kafka, InfluxDB, 

PostgreSQL, Grafana ʜʣʷ ʚʠʟʫʘʣʠʟʘʮʠʠ; 

ï AI-ʬʨʝʡʤʚʦʨʢʠ ʜʣʷ ʦʙʫʯʝʥʠʷ ʤʦʜʝʣʝʡ: TensorFlow 2.x / PyTorch 2.x, Stable-Baselines3 

ʜʣʷ RL, scikit-learn ʜʣʷ ʢʣʘʩʩʠʯʝʩʢʠʭ ʤʝʪʦʜʦʚ; 

ï DevOps: Docker, Kubernetes ʜʣʷ ʢʦʥʪʝʡʥʝʨʠʟʘʮʠʠ ʠ ʦʨʢʝʩʪʨʘʮʠʠ, CI/CD ʥʘ GitHub 

Actions, ʤʦʥʠʪʦʨʠʥʛ ʠʥʬʨʘʩʪʨʫʢʪʫʨʳ ʯʝʨʝʟ Prometheus + Grafana. 

ɸʨʭʠʪʝʢʪʫʨʘ LSTM-ʤʦʜʝʣʠ ʜʣʷ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʘ. ɼʣʷ ʟʘʜʘʯʠ 

ʤʥʦʛʦʤʝʨʥʦʛʦ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ ʨʘʟʨʘʙʦʪʘʥʘ ʤʦʜʝʣʴ ʥʘ ʙʘʟʝ 

ʩʪʝʢʠʨʦʚʘʥʥʦʡ ʜʚʫʥʘʧʨʘʚʣʝʥʥʦʡ LSTM ʩ ʤʝʭʘʥʠʟʤʦʤ ʚʥʠʤʘʥʠʷ. ɺʭʦʜʥʦʡ ʚʝʢʪʦʨ ʚʢʣʶʯʘʝʪ 

12 ʧʘʨʘʤʝʪʨʦʚ ʩ ʯʘʩʪʦʪʦʡ ʦʧʨʦʩʘ 1 ʤʠʥʫʪʘ; ʛʦʨʠʟʦʥʪ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ð 30 ʤʠʥʫʪ (30 

ʚʨʝʤʝʥʥʳʭ ʰʘʛʦʚ). ɸʨʭʠʪʝʢʪʫʨʘ ʤʦʜʝʣʠ: 

ï ɺʭʦʜʥʦʡ ʩʣʦʡ: ʥʦʨʤʘʣʠʟʘʮʠʷ (BatchNormalization) + Dropout(0.1); 

ï ʉʣʦʡ 1: BiLSTM ʩ 128 ʥʝʡʨʦʥʘʤʠ + Dropout(0.2); 

ï ʉʣʦʡ 2: BiLSTM ʩ 64 ʥʝʡʨʦʥʘʤʠ + Dropout(0.2); 

ï ʄʝʭʘʥʠʟʤ ʚʥʠʤʘʥʠʷ: Multi -Head Attention (4 ʛʦʣʦʚʳ, ʨʘʟʤʝʨʥʦʩʪʴ 64); 
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ï ɺʳʭʦʜʥʦʡ ʩʣʦʡ: Dense(8) ð ʧʨʦʛʥʦʟ 8 ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ. 

ʇʨʝʜʚʘʨʠʪʝʣʴʥʦʝ ʪʝʩʪʠʨʦʚʘʥʠʝ ʤʦʜʝʣʠ ʥʘ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ ʧʫʙʣʠʯʥʦʛʦ ʜʘʪʘʩʝʪʘ 

Smart Greenhouse (Wageningen University, 2022) ʧʦʢʘʟʘʣʦ ʩʨʝʜʥʝʢʚʘʜʨʘʪʠʯʝʩʢʫʶ ʦʰʠʙʢʫ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʪʝʤʧʝʨʘʪʫʨʳ ʚʦʟʜʫʭʘ RMSE = 0.43°C, ʚʣʘʞʥʦʩʪʠ ð RMSE = 2.1% RH, ʯʪʦ 

ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʫʨʦʚʥʶ ʪʦʯʥʦʩʪʠ, ʜʦʩʪʘʪʦʯʥʦʤʫ ʜʣʷ ʧʨʘʢʪʠʯʝʩʢʦʛʦ ʧʨʠʤʝʥʝʥʠʷ ʚ 

ʘʜʘʧʪʠʚʥʳʭ ʩʠʩʪʝʤʘʭ ʫʧʨʘʚʣʝʥʠʷ. 

ʕʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʡ ʩʪʝʥʜ. ɺ ʨʘʤʢʘʭ ʠʩʩʣʝʜʦʚʘʥʠʷ ʩʦʟʜʘʥ ʵʢʩʧʝʨʠʤʝʥʪʘʣʴʥʳʡ 

ʩʪʝʥʜ, ʚʦʩʧʨʦʠʟʚʦʜʷʱʠʡ ʢʣʶʯʝʚʳʝ ʬʫʥʢʮʠʦʥʘʣʴʥʳʝ ʵʣʝʤʝʥʪʳ ʧʦʣʥʦʨʘʟʤʝʨʥʦʡ IIoT-

ʩʠʩʪʝʤʳ ʤʦʥʠʪʦʨʠʥʛʘ ʪʝʧʣʠʮʳ ʚ ʣʘʙʦʨʘʪʦʨʥʳʭ ʫʩʣʦʚʠʷʭ. ʉʪʝʥʜ ʚʢʣʶʯʘʝʪ: 

ï 12 ʩʝʥʩʦʨʥʳʭ ʫʟʣʦʚ ʥʘ ʙʘʟʝ ESP32 ʩ ʧʦʣʥʳʤ ʥʘʙʦʨʦʤ ʜʘʪʯʠʢʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ; 

ï Edge-ʰʣʶʟ ʥʘ ʙʘʟʝ NVIDIA  Jetson Nano (4 GB) ʩ ʟʘʧʫʱʝʥʥʳʤʠ TensorFlow Lite 

ʤʦʜʝʣʷʤʠ; 

ï ʇʨʦʛʨʘʤʤʠʨʫʝʤʘʷ ʢʣʠʤʘʪʠʯʝʩʢʘʷ ʢʘʤʝʨʘ ʦʙʲʸʤʦʤ 0.5 ʤ3 ʜʣʷ ʚʘʣʠʜʘʮʠʠ ʤʦʜʝʣʝʡ 

ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ; 

ï ʀʥʪʝʛʨʘʮʠʷ ʩ ʦʙʣʘʯʥʦʡ ʧʣʘʪʬʦʨʤʦʡ Microsoft Azure IoT Hub; 

ï ɺʝʙ-ʜʘʰʙʦʨʜ ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ ʥʘ ʙʘʟʝ Grafana ʩ ʜʝʪʘʣʠʟʘʮʠʝʡ ʜʦ 1-ʩʝʢʫʥʜʥʦʛʦ 

ʠʥʪʝʨʚʘʣʘ. 

ʅʘʧʨʘʚʣʝʥʠʷ ʠʩʩʣʝʜʦʚʘʥʠʷ. ɺ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ ʪʝʤʦʡ ʨʘʙʦʪʳ ʦʧʨʝʜʝʣʝʥʳ ʩʣʝʜʫʶʱʠʝ 

ʦʩʥʦʚʥʳʝ ʥʘʫʯʥʳʝ ʟʘʜʘʯʠ: 

1. ʈʘʟʨʘʙʦʪʢʘ ʤʥʦʛʦʫʨʦʚʥʝʚʦʡ IIoT-ʘʨʭʠʪʝʢʪʫʨʳ ʜʣʷ ʨʘʩʧʨʝʜʝʣʸʥʥʦʛʦ ʩʙʦʨʘ, ʧʝʨʝʜʘʯʠ 

ʠ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʩʝʥʩʦʨʥʦʡ ʩʝʪʠ ʪʝʧʣʠʮʳ ʩ ʦʙʝʩʧʝʯʝʥʠʝʤ ʪʨʝʙʦʚʘʥʠʡ ʨʝʘʣʴʥʦʛʦ 

ʚʨʝʤʝʥʠ ʠ ʢʠʙʝʨʙʝʟʦʧʘʩʥʦʩʪʠ; 

2. ʀʩʩʣʝʜʦʚʘʥʠʝ ʠ ʩʨʘʚʥʠʪʝʣʴʥʳʡ ʘʥʘʣʠʟ ʤʝʪʦʜʦʚ ʛʣʫʙʦʢʦʛʦ ʦʙʫʯʝʥʠʷ (LSTM, GRU, 
Transformer, CNN-LSTM) ʜʣʷ ʟʘʜʘʯʠ ʤʥʦʛʦʰʘʛʦʚʦʛʦ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʧʘʨʘʤʝʪʨʦʚ 

ʤʠʢʨʦʢʣʠʤʘʪʘ; ʨʘʟʨʘʙʦʪʢʘ ʘʥʩʘʤʙʣʝʚʳʭ ʠ ʛʠʙʨʠʜʥʳʭ ʤʦʜʝʣʝʡ; 

3. ʈʘʟʨʘʙʦʪʢʘ ʘʜʘʧʪʠʚʥʦʡ ʩʠʩʪʝʤʳ ʫʧʨʘʚʣʝʥʠʷ ʥʘ ʦʩʥʦʚʝ ʦʙʫʯʝʥʠʷ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ 
(PPO, SAC) ʩ ʬʫʥʢʮʠʝʡ ʤʥʦʛʦʢʨʠʪʝʨʠʘʣʴʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ (ʫʨʦʞʘʡʥʦʩʪʴ, 

ʵʥʝʨʛʦʧʦʪʨʝʙʣʝʥʠʝ, ʢʘʯʝʩʪʚʦ ʧʨʦʜʫʢʮʠʠ); 

4. ʉʦʟʜʘʥʠʝ ʮʠʬʨʦʚʦʛʦ ʜʚʦʡʥʠʢʘ ʪʝʧʣʠʯʥʦʡ ʵʢʦʩʠʩʪʝʤʳ ʥʘ ʦʩʥʦʚʝ ʬʠʟʠʯʝʩʢʠʭ 
ʤʦʜʝʣʝʡ ʠ ʜʘʥʥʳʭ ʠʟʤʝʨʝʥʠʡ; ʠʩʩʣʝʜʦʚʘʥʠʝ ʤʝʪʦʜʦʚ sim-to-real transfer ʜʣʷ 

ʙʝʟʦʧʘʩʥʦʛʦ ʦʙʫʯʝʥʠʷ ʘʛʝʥʪʦʚ; 

5. ʈʘʟʨʘʙʦʪʢʘ ʤʝʭʘʥʠʟʤʦʚ ʦʙʲʷʩʥʠʤʦʛʦ AI (XAI) ð ʚ ʯʘʩʪʥʦʩʪʠ, SHAP-ʘʥʘʣʠʟʘ ʠ 

ʤʝʭʘʥʠʟʤʦʚ ʚʥʠʤʘʥʠʷ ð ʜʣʷ ʦʙʦʩʥʦʚʘʥʠʷ ʫʧʨʘʚʣʷʶʱʠʭ ʨʝʰʝʥʠʡ ʧʝʨʝʜ 

ʘʛʨʦʥʦʤʘʤʠ; 

6. ʆʮʝʥʢʘ ʵʢʦʥʦʤʠʯʝʩʢʦʡ ʵʬʬʝʢʪʠʚʥʦʩʪʠ ʨʘʟʨʘʙʦʪʘʥʥʦʡ ʩʠʩʪʝʤʳ: ʘʥʘʣʠʟ ʟʘʪʨʘʪ ʠ 
ʚʳʛʦʜ (cost-benefit analysis), ʨʘʩʯʸʪ ʩʨʦʢʘ ʦʢʫʧʘʝʤʦʩʪʠ ʠʥʚʝʩʪʠʮʠʡ (ROI) ʜʣʷ 

ʪʠʧʠʯʥʳʭ ʪʝʧʣʠʯʥʳʭ ʭʦʟʷʡʩʪʚ ʂʘʟʘʭʩʪʘʥʘ. 

 

ʎʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ ʪʝʧʣʠʯʥʦʡ ʵʢʦʩʠʩʪʝʤʳ. ʂʦʥʮʝʧʮʠʷ ʮʠʬʨʦʚʦʛʦ ʜʚʦʡʥʠʢʘ 

(Digital Twin) ʧʨʝʜʧʦʣʘʛʘʝʪ ʩʦʟʜʘʥʠʝ ʚʠʨʪʫʘʣʴʥʦʡ ʤʦʜʝʣʠ ʬʠʟʠʯʝʩʢʦʡ ʩʠʩʪʝʤʳ, 

ʦʙʥʦʚʣʷʝʤʦʡ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʥʘ ʦʩʥʦʚʝ ʜʘʥʥʳʭ ʠʟʤʝʨʝʥʠʡ. ɺ ʢʦʥʪʝʢʩʪʝ ʫʧʨʘʚʣʝʥʠʷ 

ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʪʝʧʣʠʮʳ ʮʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ ʚʳʧʦʣʥʷʝʪ ʩʣʝʜʫʶʱʠʝ ʬʫʥʢʮʠʠ: 

ï ʩʠʤʫʣʷʮʠʷ ʜʠʥʘʤʠʢʠ ʤʠʢʨʦʢʣʠʤʘʪʘ ʧʨʠ ʨʘʟʣʠʯʥʳʭ ʫʧʨʘʚʣʷʶʱʠʭ ʚʦʟʜʝʡʩʪʚʠʷʭ ("ʯʪʦ 

ʝʩʣʠ" ʩʮʝʥʘʨʠʠ); 

ï ʙʝʟʦʧʘʩʥʘʷ ʩʨʝʜʘ ʜʣʷ ʦʙʫʯʝʥʠʷ ʘʛʝʥʪʦʚ ʦʙʫʯʝʥʠʷ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ ʙʝʟ ʨʠʩʢʘ 

ʥʘʥʝʩʝʥʠʷ ʫʱʝʨʙʘ ʨʝʘʣʴʥʳʤ ʧʦʩʝʚʘʤ; 

ï ʪʝʩʪʠʨʦʚʘʥʠʝ ʥʦʚʳʭ ʩʪʨʘʪʝʛʠʡ ʫʧʨʘʚʣʝʥʠʷ ʠ ʘʣʛʦʨʠʪʤʦʚ AI  ʧʝʨʝʜ ʚʥʝʜʨʝʥʠʝʤ ʚ 

ʧʨʦʠʟʚʦʜʩʪʚʦ; 
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ï ʦʙʥʘʨʫʞʝʥʠʝ ʦʪʢʣʦʥʝʥʠʡ ʨʝʘʣʴʥʦʛʦ ʩʦʩʪʦʷʥʠʷ ʩʠʩʪʝʤʳ ʦʪ ʤʦʜʝʣʴʥʦʛʦ (ʠʥʜʠʢʘʮʠʷ 

ʥʝʠʩʧʨʘʚʥʦʩʪʝʡ). 

ʌʠʟʠʯʝʩʢʘʷ ʤʦʜʝʣʴ ʤʠʢʨʦʢʣʠʤʘʪʘ ʪʝʧʣʠʮʳ ʩʪʨʦʠʪʩʷ ʥʘ ʦʩʥʦʚʝ ʫʨʘʚʥʝʥʠʡ ʪʝʧʣʦʚʦʛʦ 

ʙʘʣʘʥʩʘ, ʙʘʣʘʥʩʘ ʚʣʘʛʠ ʠ ʛʘʟʦʦʙʤʝʥʘ: 

 

dT/dt = (1/C_th) · [Q_heat + Q_solar ï Q_vent ï Q_loss] 

dW/dt = E_plants + W_irrig ï W_vent 

dC_CO /dt = (1/V) · [ű_CO + R_resp ï A_photo ï Q_vent · ȹC] 

 

ʛʜʝ C_th ð ʪʝʧʣʦʸʤʢʦʩʪʴ ʪʝʧʣʠʯʥʦʛʦ ʦʙʲʸʤʘ, Q_heat ð ʪʝʧʣʦʧʦʜʘʯʘ ʩʠʩʪʝʤʳ ʦʪʦʧʣʝʥʠʷ, 

Q_solar ð ʧʦʩʪʫʧʣʝʥʠʝ ʩʦʣʥʝʯʥʦʛʦ ʪʝʧʣʘ, Q_vent ð ʪʝʧʣʦʧʦʪʝʨʠ ʯʝʨʝʟ ʚʝʥʪʠʣʷʮʠʶ, Q_loss 

ð ʪʝʧʣʦʧʦʪʝʨʠ ʯʝʨʝʟ ʦʛʨʘʞʜʘʶʱʠʝ ʢʦʥʩʪʨʫʢʮʠʠ, E_plants ð ʪʨʘʥʩʧʠʨʘʮʠʷ ʨʘʩʪʝʥʠʡ, 

ű_CO ð ʧʦʪʦʢ CO ʦʪ ʩʠʩʪʝʤʳ ʧʦʜʘʯʠ, R_resp ð ʜʳʭʘʥʠʝ ʨʘʩʪʝʥʠʡ, A_photo ð ʫʩʚʦʝʥʠʝ 

CO  ʚ ʧʨʦʮʝʩʩʝ ʬʦʪʦʩʠʥʪʝʟʘ. 

 

ʇʘʨʘʤʝʪʨʳ ʬʠʟʠʯʝʩʢʦʡ ʤʦʜʝʣʠ ʠʜʝʥʪʠʬʠʮʠʨʫʶʪʩʷ ʥʘ ʦʩʥʦʚʝ ʠʩʪʦʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ 

ʠʟʤʝʨʝʥʠʡ ʩ ʧʨʠʤʝʥʝʥʠʝʤ ʤʝʪʦʜʦʚ ʩʠʩʪʝʤʥʦʡ ʠʜʝʥʪʠʬʠʢʘʮʠʠ (Prediction Error Method, 

Subspace Methods). ɻʠʙʨʠʜʥʘʷ ʤʦʜʝʣʴ, ʩʦʚʤʝʱʘʶʱʘʷ ʬʠʟʠʯʝʩʢʠʝ ʫʨʘʚʥʝʥʠʷ ʩ ʥʝʡʨʦʥʥʳʤʠ 

ʩʝʪʷʤʠ (Physics-Informed Neural Networks, PINN), ʦʙʝʩʧʝʯʠʚʘʝʪ ʙʦʣʝʝ ʪʦʯʥʦʝ 

ʚʦʩʧʨʦʠʟʚʝʜʝʥʠʝ ʩʣʦʞʥʳʭ ʥʝʣʠʥʝʡʥʳʭ ʵʬʬʝʢʪʦʚ. 

 

ʆʞʠʜʘʝʤʳʝ ʨʝʟʫʣʴʪʘʪʳ ʠ ʧʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ. ʅʘʫʯʥʘʷ ʥʦʚʠʟʥʘ. ʆʥʘ 

ʩʦʩʪʦʠʪ ʚ ʩʣʝʜʫʶʱʝʤ: 

1. ʈʘʟʨʘʙʦʪʘʥʘ ʦʨʠʛʠʥʘʣʴʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʠʥʪʝʛʨʠʨʦʚʘʥʥʦʡ IIoT-ʧʣʘʪʬʦʨʤʳ 

ʤʦʥʠʪʦʨʠʥʛʘ ʪʝʧʣʠʮʳ, ʦʙʝʩʧʝʯʠʚʘʶʱʘʷ ʩʢʚʦʟʥʦʡ ʢʦʥʚʝʡʝʨ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ ʦʪ 

ʩʝʥʩʦʨʘ ʜʦ ʫʧʨʘʚʣʷʶʱʝʛʦ ʚʦʟʜʝʡʩʪʚʠʷ ʩ ʟʘʜʝʨʞʢʦʡ ʤʝʥʝʝ 100 ʤʩ; 

2. ʇʨʝʜʣʦʞʝʥʘ ʥʦʚʘʷ ʛʠʙʨʠʜʥʘʷ ʤʦʜʝʣʴ LSTM-Attention-PPO ʜʣʷ ʩʦʚʤʝʩʪʥʦʛʦ ʨʝʰʝʥʠʷ 

ʟʘʜʘʯ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʘ ʠ ʦʧʪʠʤʠʟʘʮʠʠ ʫʧʨʘʚʣʷʶʱʠʭ ʚʦʟʜʝʡʩʪʚʠʡ ʚ 

ʝʜʠʥʦʤ ʢʦʥʪʫʨʝ; 

3. ʈʘʟʨʘʙʦʪʘʥ ʦʨʠʛʠʥʘʣʴʥʳʡ ʤʝʪʦʜ ʘʜʘʧʪʘʮʠʠ AI-ʤʦʜʝʣʝʡ ʢ ʢʦʥʢʨʝʪʥʦʡ ʪʝʧʣʠʯʥʦʡ 

ʵʢʦʩʠʩʪʝʤʝ ʥʘ ʦʩʥʦʚʝ Transfer Learning ʩ ʦʙʲʸʤʦʤ ʮʝʣʝʚʳʭ ʜʘʥʥʳʭ ʤʝʥʝʝ 30 ʜʥʝʡ; 

4. ʇʨʝʜʣʦʞʝʥ ʧʦʜʭʦʜ ʢ ʬʦʨʤʘʣʠʟʘʮʠʠ ʟʘʜʘʯʠ ʫʧʨʘʚʣʝʥʠʷ ʪʝʧʣʠʯʥʳʤ ʤʠʢʨʦʢʣʠʤʘʪʦʤ 
ʢʘʢ ʤʥʦʛʦʮʝʣʝʚʦʛʦ MDP ʩ ʠʝʨʘʨʭʠʯʝʩʢʦʡ ʬʫʥʢʮʠʝʡ ʚʦʟʥʘʛʨʘʞʜʝʥʠʷ, ʫʯʠʪʳʚʘʶʱʝʡ 

ʙʠʦʣʦʛʠʯʝʩʢʠʝ, ʵʥʝʨʛʝʪʠʯʝʩʢʠʝ ʠ ʵʢʦʥʦʤʠʯʝʩʢʠʝ ʢʨʠʪʝʨʠʠ. 

ʇʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ. ɺʥʝʜʨʝʥʠʝ ʨʘʟʨʘʙʦʪʘʥʥʦʡ ʩʠʩʪʝʤʳ ʚ ʪʝʧʣʠʯʥʳʝ 

ʭʦʟʷʡʩʪʚʘ ʧʦʟʚʦʣʠʪ ʜʦʩʪʠʯʴ ʩʣʝʜʫʶʱʠʭ ʧʨʘʢʪʠʯʝʩʢʠʭ ʨʝʟʫʣʴʪʘʪʦʚ: 

ï ʧʦʚʳʰʝʥʠʝ ʫʨʦʞʘʡʥʦʩʪʠ ʦʩʥʦʚʥʳʭ ʪʝʧʣʠʯʥʳʭ ʢʫʣʴʪʫʨ ʥʘ 15ï25% ʟʘ ʩʯʸʪ ʦʧʪʠʤʠʟʘʮʠʠ 

ʫʩʣʦʚʠʡ ʤʠʢʨʦʢʣʠʤʘʪʘ; 

ï ʩʥʠʞʝʥʠʝ ʧʦʪʨʝʙʣʝʥʠʷ ʪʝʧʣʦʚʦʡ ʵʥʝʨʛʠʠ ʥʘ 20ï30% ʧʦʩʨʝʜʩʪʚʦʤ ʧʨʝʜʠʢʪʠʚʥʦʛʦ 

ʫʧʨʘʚʣʝʥʠʷ ʩʠʩʪʝʤʘʤʠ ʦʪʦʧʣʝʥʠʷ; 

ï ʩʦʢʨʘʱʝʥʠʝ ʨʘʩʭʦʜʘ ʚʦʜʳ ʠ ʫʜʦʙʨʝʥʠʡ ʥʘ 15ï20% ʙʣʘʛʦʜʘʨʷ ʪʦʯʥʦʤʫ ʫʧʨʘʚʣʝʥʠʶ 

ʩʠʩʪʝʤʘʤʠ ʧʦʣʠʚʘ ʠ ʧʠʪʘʥʠʷ; 

ï ʩʥʠʞʝʥʠʝ ʧʦʪʝʨʴ ʫʨʦʞʘʷ ʦʪ ʘʥʦʤʘʣʴʥʳʭ ʢʣʠʤʘʪʠʯʝʩʢʠʭ ʩʦʙʳʪʠʡ ʥʘ 40ï60% ʟʘ ʩʯʸʪ 

ʨʘʥʥʝʛʦ ʦʙʥʘʨʫʞʝʥʠʷ ʠ ʧʨʝʜʫʧʨʝʞʜʝʥʠʷ; 

ï ʫʤʝʥʴʰʝʥʠʝ ʪʨʫʜʦʟʘʪʨʘʪ ʘʛʨʦʥʦʤʠʯʝʩʢʦʛʦ ʧʝʨʩʦʥʘʣʘ ʥʘ ʨʫʪʠʥʥʳʡ ʤʦʥʠʪʦʨʠʥʛ ʥʘ 50ï

70%. 

ɿʘʢʣʶʯʝʥʠʝ. ɺ ʨʘʙʦʪʝ ʧʨʝʜʩʪʘʚʣʝʥʘ ʢʦʥʮʝʧʮʠʷ ʠʥʪʝʣʣʝʢʪʫʘʣʴʥʦʡ ʩʠʩʪʝʤʳ 

ʤʦʥʠʪʦʨʠʥʛʘ ʠ ʫʧʨʘʚʣʝʥʠʷ ʤʠʢʨʦʢʣʠʤʘʪʦʤ ʪʝʧʣʠʮʳ, ʦʩʥʦʚʘʥʥʦʡ ʥʘ ʩʠʥʪʝʟʝ ʤʝʪʦʜʦʚ 

ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʠ ʪʝʭʥʦʣʦʛʠʡ ʧʨʦʤʳʰʣʝʥʥʦʛʦ ʀʥʪʝʨʥʝʪʘ ʚʝʱʝʡ. ɸʥʘʣʠʟ 
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ʩʫʱʝʩʪʚʫʶʱʠʭ ʧʦʜʭʦʜʦʚ ʧʦʢʘʟʘʣ, ʯʪʦ ʪʨʘʜʠʮʠʦʥʥʳʝ ʩʠʩʪʝʤʳ ʫʧʨʘʚʣʝʥʠʷ ʥʝ ʩʧʦʩʦʙʥʳ ʚ 

ʧʦʣʥʦʡ ʤʝʨʝ ʨʝʘʣʠʟʦʚʘʪʴ ʧʦʪʝʥʮʠʘʣ ʪʦʯʥʦʛʦ ʟʝʤʣʝʜʝʣʠʷ ʚ ʟʘʱʠʱʸʥʥʦʤ ʛʨʫʥʪʝ ʚʚʠʜʫ 

ʦʛʨʘʥʠʯʝʥʥʳʭ ʚʦʟʤʦʞʥʦʩʪʝʡ ʘʜʘʧʪʘʮʠʠ ʠ ʦʧʪʠʤʠʟʘʮʠʠ. ʇʨʝʜʣʦʞʝʥʥʘʷ ʤʥʦʛʦʫʨʦʚʥʝʚʘʷ 

ʘʨʭʠʪʝʢʪʫʨʘ IIoT-ʧʣʘʪʬʦʨʤʳ ʦʙʝʩʧʝʯʠʚʘʝʪ ʢʦʤʧʣʝʢʩʥʳʡ ʩʙʦʨ ʜʘʥʥʳʭ ʦʪ ʨʘʩʧʨʝʜʝʣʸʥʥʦʡ 

ʩʝʥʩʦʨʥʦʡ ʩʝʪʠ, ʠʭ ʦʙʨʘʙʦʪʢʫ ʥʘ ʛʨʘʥʠʯʥʳʭ ʫʩʪʨʦʡʩʪʚʘʭ ʚ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʠ ʠʥʪʝʛʨʘʮʠʶ 

ʩ ʦʙʣʘʯʥʳʤʠ ʘʥʘʣʠʪʠʯʝʩʢʠʤʠ ʩʝʨʚʠʩʘʤʠ. ʇʨʠʤʝʥʝʥʠʝ ʛʠʙʨʠʜʥʳʭ ʥʝʡʨʦʩʝʪʝʚʳʭ ʘʨʭʠʪʝʢʪʫʨ 

(LSTM, CNN-LSTM, Attention) ʦʙʝʩʧʝʯʠʚʘʝʪ ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ ʧʨʦʛʥʦʟʠʨʦʚʘʥʠʷ 

ʧʘʨʘʤʝʪʨʦʚ ʤʠʢʨʦʢʣʠʤʘʪʘ, ʘ ʤʝʪʦʜʳ ʦʙʫʯʝʥʠʷ ʩ ʧʦʜʢʨʝʧʣʝʥʠʝʤ ð ʦʧʪʠʤʠʟʘʮʠʶ 

ʫʧʨʘʚʣʷʶʱʠʭ ʚʦʟʜʝʡʩʪʚʠʡ ʩ ʫʯʸʪʦʤ ʤʥʦʛʦʢʨʠʪʝʨʠʘʣʴʥʦʡ ʮʝʣʝʚʦʡ ʬʫʥʢʮʠʠ. ʂʣʶʯʝʚʳʤ 

ʵʣʝʤʝʥʪʦʤ ʩʠʩʪʝʤʳ ʷʚʣʷʝʪʩʷ ʮʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ ʪʝʧʣʠʯʥʦʡ ʵʢʦʩʠʩʪʝʤʳ, ʦʙʝʩʧʝʯʠʚʘʶʱʠʡ 

ʙʝʟʦʧʘʩʥʦʝ ʦʙʫʯʝʥʠʝ ʘʛʝʥʪʦʚ AI ʠ ʪʝʩʪʠʨʦʚʘʥʠʝ ʩʪʨʘʪʝʛʠʡ ʫʧʨʘʚʣʝʥʠʷ ʙʝʟ ʨʠʩʢʘ ʫʱʝʨʙʘ ʜʣʷ 

ʨʝʘʣʴʥʦʛʦ ʧʨʦʠʟʚʦʜʩʪʚʘ. ʄʝʭʘʥʠʟʤʳ ʘʜʘʧʪʠʚʥʦʛʦ ʠ ʬʝʜʝʨʘʪʠʚʥʦʛʦ ʦʙʫʯʝʥʠʷ ʧʦʟʚʦʣʷʶʪ 

ʩʠʩʪʝʤʝ ʥʘʢʘʧʣʠʚʘʪʴ ʦʧʳʪ ʠʟ ʨʘʩʧʨʝʜʝʣʸʥʥʳʭ ʠʩʪʦʯʥʠʢʦʚ ʜʘʥʥʳʭ, ʩʦʭʨʘʥʷʷ 

ʢʦʥʬʠʜʝʥʮʠʘʣʴʥʦʩʪʴ ʠʥʬʦʨʤʘʮʠʠ ʦʪʜʝʣʴʥʳʭ ʭʦʟʷʡʩʪʚ. ʆʞʠʜʘʝʤʳʝ ʧʨʘʢʪʠʯʝʩʢʠʝ 

ʨʝʟʫʣʴʪʘʪʳ ʚʥʝʜʨʝʥʠʷ ʨʘʟʨʘʙʦʪʘʥʥʦʡ ʩʠʩʪʝʤʳ ð ʧʦʚʳʰʝʥʠʝ ʫʨʦʞʘʡʥʦʩʪʠ ʥʘ 15ï25%, 

ʩʥʠʞʝʥʠʝ ʧʦʪʨʝʙʣʝʥʠʷ ʵʥʝʨʛʠʠ ʥʘ 20ï30% ʠ ʚʦʜʳ ʥʘ 15ï20% ð ʧʦʜʪʚʝʨʞʜʘʶʪ 

ʘʢʪʫʘʣʴʥʦʩʪʴ ʠ ʧʨʘʢʪʠʯʝʩʢʫʶ ʟʥʘʯʠʤʦʩʪʴ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʛʦ ʠʩʩʣʝʜʦʚʘʥʠʷ ʜʣʷ 

ʘʛʨʦʧʨʦʤʳʰʣʝʥʥʦʛʦ ʢʦʤʧʣʝʢʩʘ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ. 
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ɸʥʥʦʪʘʮʠʷ. ʄʘϨʘʣʘʜʘ ʫʨʘʥʜʳ ʞʝʨʘʩʪʳ ʰʘʡʤʘʣʘʫ (ISR) Ϯʜʝʨʽʩʽʥʜʝʛʽ ʪʝʭʥʦʣʦʛʠʷʣʳϨ 

ʧʘʨʘʤʝʪʨʣʝʨʜʽ ʥʘϨʪʳ ʫʘϨʳʪʪʘ ʤʦʥʠʪʦʨʠʥʛʪʝʫ ʞϸʥʝ ʙʘʩϨʘʨʫ ʪϸʩʽʣʜʝʨʽ Ϩʘʨʘʩʪʳʨʳʣʘʜʳ. 

ʊʘϨʳʨʳʧʪʳϬ Ϻʟʝʢʪʽʣʽʛʽ Ϩϰʤʪʘʩʪʳ Ϻʪʢʽʟʛʽʰ ʢʝʥ ʦʨʳʥʜʘʨʳʥ ʪʠʽʤʜʽ ʠʛʝʨʫ ʪʝʢ ʛʝʦʣʦʛʠʷʣʳϨ 

ϨʦʣʘʡʣʳʣʳϨϨʘ Ϥʘʥʘ ʝʤʝʩ, ʝʨʽʪʽʥʜʽ ʘϤʳʥʜʘʨʳʥ, Ϩʳʩʳʤʜʳ, ϨʳʰϨʳʣʜʳϨʪʳ, ʪʦʪʳϤʫ-ʪʦʪʳϨʩʳʟʜʘʥʫ 

ʞʘϤʜʘʡʣʘʨʳʥ, ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥ, ϰϬϤʳʤʘʣʘʨʜʳϬ ʞϰʤʳʩ Ϩʘʙʽʣʝʪʽʥ ʞϸʥʝ ʪʝʭʥʦʣʦʛʠʷʣʳϨ 

ʝʨʽʪʽʥʜʽʣʝʨʜʽϬ ʨϰϨʩʘʪ ʝʪʽʣʛʝʥ ʘʡʤʘϨʪʘ ϰʩʪʘʣʫʳʥ ʞʝʜʝʣ ʙʘϨʳʣʘʫ ʤϮʤʢʽʥʜʽʛʽʥʝ ʪϸʫʝʣʜʽ ʙʦʣʫʳʤʝʥ 

ʘʥʳϨʪʘʣʘʜʳ. ɾϰʤʳʩʪʳϬ ϸʜʽʩʪʝʤʝʣʽʢ ʥʝʛʽʟʽʥ ʭʘʣʳϨʘʨʘʣʳϨ ϰʩʳʥʳʤʜʘʨ, ʘʰʳϨ Ϥʳʣʳʤʠ 

ʞʘʨʠʷʣʘʥʳʤʜʘʨ, ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽ, ʮʠʬʨʣʳϨ ʝʛʽʟʜʝʨ, ʤʘʰʠʥʘʣʳϨ ʦϨʳʪʫϤʘ 

ʥʝʛʽʟʜʝʣʛʝʥ ʩʫʨʨʦʛʘʪ ʤʦʜʝʣʴʜʝʨ ʞϸʥʝ ʤʦʜʝʣʴʜʽʢ-ʙʦʣʞʘʤʜʳϨ ʙʘʩϨʘʨʫ ʞϺʥʽʥʜʝʛʽ ʜʝʨʝʢʪʝʨ Ϩϰʨʘʡʜʳ. 

ʐʦʣʫ ʥϸʪʠʞʝʩʽʥʜʝ ʥʘϨʪʳ ʫʘϨʳʪʪʘϤʳ ʙʘʩϨʘʨʫ ʩʦʨϤʳʣʘʨʜʳ ʥʝʤʝʩʝ ʨʝʘʛʝʥʪ ʤϺʣʰʝʨʽʥ ʘʚʪʦʤʘʪʪʳ 

ʨʝʪʪʝʫʤʝʥ ʰʝʢʪʝʣʤʝʡʪʽʥʽ, ʢʝʨʽʩʽʥʰʝ «ʜʝʨʝʢʪʝʨ - ʤʦʜʝʣʴ - ʙʘʩϨʘʨʫʰʳ ϸʩʝʨ - ʙʘϨʳʣʘʫ» ʪϮʨʽʥʜʝʛʽ 

ʪϰʡʳϨ ʢʦʥʪʫʨ ʨʝʪʽʥʜʝ Ϩʘʨʘʩʪʳʨʳʣʫʳ ʪʠʽʩ ʝʢʝʥʽ ʢϺʨʩʝʪʽʣʜʽ. ϯʩʳʥʳʣϤʘʥ ʪϰʞʳʨʳʤʜʘʤʘʣʳϨ ʥʝʛʽʟ 

Ϻʥʜʽʨʽʩʪʽʢ ʪʠʽʤʜʽʣʽʢʪʽ, ʨʝʘʛʝʥʪ ʰʳϤʳʥʳʥ, ʛʠʜʨʘʚʣʠʢʘʣʳϨ ʦϨʰʘʫʣʘʫʜʳ, ϰϬϤʳʤʘ ʘʣʘϬʳʥʳϬ 

ʪϰʨʘϨʪʳʣʳϤʳʥ ʞϸʥʝ ʵʢʦʣʦʛʠʷʣʳϨ ʰʝʢʪʝʫʣʝʨʜʽ ʙʽʨ ʞϮʡʝʜʝ Ϯʡʣʝʩʪʽʨʫʛʝ ʙʘϤʳʪʪʘʣϤʘʥ. 
ʊϮʡʽʥ ʩϺʟʜʝʨ: ʫʨʘʥʜʳ ʞʝʨʘʩʪʳ h ʘʡʤʘʣʘʫ; ISR; ʥʘϨʪʳ ʫʘϨʳʪʪʘϤʳ ʤʦʥʠʪʦʨʠʥʛ; ʪʝʭʥʦʣʦʛʠʷʣʳϨ 

ʧʘʨʘʤʝʪʨʣʝʨ; ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʽ; ʮʠʬʨʣʳϨ ʝʛʽʟ; ʤʦʜʝʣʴʜʽʢ-ʙʦʣʞʘʤʜʳϨ ʙʘʩϨʘʨʫ; SCADA; 

ʘʚʪʦʤʘʪʪʘʥʜʳʨʫ. 

 

ʂʽʨʽʩʧʝ. ʋʨʘʥʜʳ ʞʝʨʘʩʪʳ ʰʘʡʤʘʣʘʫ ץʘʟʽʨʛʽ ʫʨʘʥ ᴇʥʜʽʨʽʩʽʥʜʝʛʽ ʤʘשʳʟʜʳ 

ʪʝʭʥʦʣʦʛʠʷʣʘʨʜʳש ʙʽʨʽ ʙʦʣʳʧ ʩʘʥʘʣʘʜʳ. ɹײʣ ᴅʜʽʩ ʢʝʥʜʽ ʞʝʨ ʙʝʪʽʥʝ ʰʳסʘʨʤʘʡ, ʫʨʘʥ 

ʤʠʥʝʨʘʣʜʘʨʳʥ ʞʝʨ ץʦʡʥʘʫʳʥʜʘ ʝʨʽʪʽʧ, ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽʥʽ ʘʡʜʘʫ ʞᴅʥʝ ʩʦʨʳʧ ʘʣʫ סשײʳʤʘʣʘʨʳ 

ʘʨץʳʣʳ ʘʣʫסʘ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. ʉʦʥʜʳץʪʘʥ ISR ʪʝʭʥʦʣʦʛʠʷʩʳ ץʘʟʙʘ ʞײʤʳʩʪʘʨʳʥʳש ʢᴇʣʝʤʽʥ 

ʘʟʘʡʪʘʜʳ, װʡʽʥʜʽʣʝʨ ʤʝʥ ץʘʣʜʳץ ץʦʡʤʘʣʘʨʳʥʘ ʪװʩʝʪʽʥ ʞװʢʪʝʤʝʥʽ ʪᴇʤʝʥʜʝʪʝʜʽ ʞᴅʥʝ ʢʝʥ 

ʦʨʥʳʥʳש ʛʠʜʨʦʛʝʦʣʦʛʠʷʣʳץ ʞʘסʜʘʡʳ ץʦʣʘʡʣʳ ʙʦʣסʘʥ ʢʝʟʜʝ ᴇʥʜʽʨʽʩʪʽ ʠʢʝʤʜʽ ײʡʳʤʜʘʩʪʳʨʫסʘ 

ʞʘסʜʘʡ ʞʘʩʘʡʜʳ. 

ʉʦʥʳʤʝʥ ʙʽʨʛʝ ʞʝʨʘʩʪʳ ʰʘʡʤʘʣʘʫ ץʘʨʘʧʘʡʳʤ ʪʝʭʥʦʣʦʛʠʷ ʝʤʝʩ. ᴆʥʜʽʨʽʩʪʽʢ ʥᴅʪʠʞʝ ʩʫ 

ʪײʪץʳʰ ʛʦʨʠʟʦʥʪʪʘסʳ ʩװʟʽʣʝʪʽʥ ʘסʳʥʜʘʨסʘ, ʢʝʥ ʜʝʥʝʩʽʥʽש ᴇʪʢʽʟʛʽʰʪʽʛʽ ʤʝʥ ʙʽʨʪʝʢʩʽʟʜʽʛʽʥʝ, 

ʝʨʽʪʽʥʜʽʥʽץ שʳʰץʳʣʜʳסʳʥʘ, ʪʦʪʳסʫ-ʪʦʪʳץʩʳʟʜʘʥʫ ʞʘסʜʘʡʣʘʨʳʥʘ, ʫʨʘʥ ʤʠʥʝʨʘʣʜʘʨʳʥʳש ʝʨʫ 

ʢʠʥʝʪʠʢʘʩʳʥʘ, ʩʦʨʙʮʠʷ ʞᴅʥʝ ʝʢʽʥʰʽ ʨʝʪʪʽʢ ʤʠʥʝʨʘʣ ʪװʟʽʣʫ ʧʨʦʮʝʩʪʝʨʽʥʝ ʪᴅʫʝʣʜʽ. ʆʩʳ 

ʬʘʢʪʦʨʣʘʨʜʳש ʢᴇʧʰʽʣʽʛʽ ʢʝשʽʩʪʽʢʪʝ ʜʝ, ʫʘץʳʪʪʘ ʜʘ ᴇʟʛʝʨʽʧ ʦʪʳʨʘʜʳ. ʉʦʥʜʳץʪʘʥ ʦʧʝʨʘʪʦʨ 

ʢʝʰʽʛʽʧ ʘʣʳʥסʘʥ ʦʨʪʘʰʘ ʜʝʨʝʢʪʝʨʛʝ סʘʥʘ ʩװʡʝʥʩʝ, ʝʨʽʪʽʥʜʽʥʽש ʝʨʪʝ ᴇʪʫʽʥ, סשײʳʤʘʥʳש 

 ʤʩʘʣʫʳʥ ʥʝʤʝʩʝ ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽʜʝʛʽײʞ ץʘʨʪʳ שʪᴇʤʝʥʜʝʫʽʥ, ʨʝʘʛʝʥʪʪʽ שʳʥʳסʳʰʪʳסʘʙʳʣʜʘץ

ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥʳש ʪᴇʤʝʥʜʝʫʽʥ ʫʘץʳʪʳʥʜʘ ʙʘʡץʘʡ ʘʣʤʘʫʳ ʤװʤʢʽʥ. 

ʆʩʳ ʤʘץʘʣʘʜʘסʳ ʥʝʛʽʟʛʽ סʳʣʳʤʠ ʤᴅʩʝʣʝ ï ISR ʙʣʦʛʳʥ ʥʘץʪʳ ʫʘץʳʪʪʘ ʙʘʩץʘʨʳʣʘʪʳʥ 

ʢװʨʜʝʣʽ ʛʠʜʨʦʛʝʦʪʝʭʥʦʣʦʛʠʷʣʳץ ʦʙʲʝʢʪ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʫ. ʄײʥʜʘʡ ʦʙʲʝʢʪʽʜʝ ʜʝʨʝʢʪʝʨʜʽ 

ʞʠʥʘʫ, ʦʣʘʨʜʳ ʤʦʜʝʣʴʤʝʥ ʩʘʣʳʩʪʳʨʫ, ʙʘʩץʘʨʫ ʰʝʰʽʤʽʥ ʪʘשʜʘʫ ʞᴅʥʝ ʥᴅʪʠʞʝʥʽ ʙʘץʳʣʘʫ ʙʽʨ-

ʙʽʨʽʥʝʥ ʙᴇʣʝʢ ʝʤʝʩ, ʙʽʨʳסשʘʡ ʮʠʬʨʣʳץ ʢʦʥʪʫʨ ʨʝʪʽʥʜʝ ײʡʳʤʜʘʩʪʳʨʳʣʫʳ ץʘʞʝʪ. 

ɿʝʨʪʪʝʫʜʽϬ ʤʘϨʩʘʪʳ ʤʝʥ ʤʽʥʜʝʪʪʝʨʽ. ɿʝʨʪʪʝʫʜʽש ʤʘץʩʘʪʳ ï ʫʨʘʥʜʳ ʞʝʨʘʩʪʳ ʰʘʡʤʘʣʘʫ 

ʢʝʟʽʥʜʝ ʪʝʭʥʦʣʦʛʠʷʣʳץ ʧʘʨʘʤʝʪʨʣʝʨʜʽ ʥʘץʪʳ ʫʘץʳʪʪʘ ʤʦʥʠʪʦʨʠʥʛʪʝʫ ʞᴅʥʝ ʙʘʩץʘʨʫסʘ ʘʨʥʘʣסʘʥ 

ʰʦʣʫʣʳץ ʪײʞʳʨʳʤʜʘʤʘʣʳץ ʥʝʛʽʟʜʽ ץʘʣʳʧʪʘʩʪʳʨʫ. 

ï ISR װʜʝʨʽʩʽʥʜʝʛʽ ʙʘʩץʘʨʳʣʘʪʳʥ ʧʘʨʘʤʝʪʨʣʝʨʜʽ ʛʠʜʨʦʜʠʥʘʤʠʢʘʣʳץ, ʛʝʦʭʠʤʠʷʣʳץ, ᴇʥʽʤʜʽʣʽʢ 

ʞᴅʥʝ ʵʢʦʣʦʛʠʷʣʳץ ʪʦʧʪʘʨסʘ ʙᴇʣʫ; 
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ï ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʞᴅʥʝ ʞʘץʳʥ ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʜʝʨʝʢ ʢᴇʟʜʝʨʽʥ ʘʥʳץʪʘʫ; 

ï SCADA, ʟʝʨʪʭʘʥʘʣʳץ ʪʘʣʜʘʫ, ʦʥʣʘʡʥ ᴇʣʰʝʫʣʝʨ, ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳ, ʨʝʘʢʪʠʚʪʽ-

ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽ ʞᴅʥʝ ʮʠʬʨʣʳץ ʝʛʽʟ ʘʨʘʩʳʥʜʘסʳ ʙʘʡʣʘʥʳʩʪʳ ʢᴇʨʩʝʪʫ; 

ï ᴇʥʜʽʨʽʩʪʽʢ ʪʠʽʤʜʽʣʽʢ ʧʝʥ ʵʢʦʣʦʛʠʷʣʳץ ʰʝʢʪʝʫʣʝʨʜʽ ץʘʪʘʨ ʝʩʢʝʨʝʪʽʥ ʙʘʩץʘʨʫ ʣʦʛʠʢʘʩʳʥ 

ʩʠʧʘʪʪʘʫ; 

ï ʘʚʪʦʤʘʪʪʘʥʜʳʨʫ ʞᴅʥʝ ʙʘʩץʘʨʫ ʤʘʤʘʥʜʳסʳ ʪײʨסʳʩʳʥʘʥ ᴅʨʽ ץʘʨʘʡסʳ ʟʝʨʪʪʝʫ ʙʘסʳʪʪʘʨʳʥ 

 .ʩʳʥʫײ

Ϸʜʝʙʠʝʪʪʝʨʛʝ ʰʦʣʫ ʞϸʥʝ Ϥʳʣʳʤʠ ʥʝʛʽʟ. ʍʘʣʳץʘʨʘʣʳײ ץʩʳʥʳʤʜʘʨʜʘ ISR/ISL 

ʪʝʭʥʦʣʦʛʠʷʩʳ ʛʝʦʣʦʛʠʷʣʳץ, ʛʠʜʨʦʛʝʦʣʦʛʠʷʣʳץ, ɻ ʢʦʥʦʤʠʢʘʣʳץ ʞᴅʥʝ ɻ ʢʦʣʦʛʠʷʣʳץ ʪʘʣʘʧʪʘʨʜʳש 

 ,ʛʝʦʤʝʪʨʠʷʩʳʥ שʞʦʙʘʣʘʥʫʳ ʢʝʥ ʜʝʥʝʩʽʥʽ שʳʥʳשʳʤʘ ʘʣʘסשױ .ʘʨʘʩʪʳʨʳʣʘʜʳץ ʡʣʝʩʽʤʽ ʨʝʪʽʥʜʝװ

ᴇʪʢʽʟʛʽʰʪʽʛʽʥ, ʛʠʜʨʘʚʣʠʢʘʣʳץ ʦץʰʘʫʣʘʥʫʳʥ ʞᴅʥʝ ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳ ʞװʡʝʩʽʥ ʝʩʢʝʨʫʽ ʪʠʽʩ 

(IAEA, 2016). פʘʟʘץʩʪʘʥʜʘ ʢװʢʽʨʪ ץʳʰץʳʣʜʳ ʰʘʡʤʘʣʘʫ ʢʝש ʪʘʨʘʣסʘʥ, ʘʣ ʢʝʡʙʽʨ ʝʣʜʝʨʜʝ, 

ᴅʩʽʨʝʩʝ ץʳʰץʳʣ ʩʽשʽʨʛʽʰ ʤʠʥʝʨʘʣʜʘʨʳ ʢᴇʧ ʩʫ ʪײʪץʳʰ ʛʦʨʠʟʦʥʪʪʘʨʜʘ, ʢʘʨʙʦʥʘʪʪʳ-ʩʽʣʪʽʣʽ 

ʝʨʽʪʽʥʜʽʣʝʨ ץʦʣʜʘʥʳʣʘʜʳ (World Nuclear Association, 2026b). 

ʉʦסשʳ ʟʝʨʪʪʝʫʣʝʨ ISR ʪʝʭʥʦʣʦʛʠʷʩʳʥʳש ʜʘʤʫʳ ʰʘʡʤʘʣʘʫ ʨʝʞʠʤʽʥ ʜײʨʳʩ ʪʘשʜʘʫʤʝʥ, 

ᴇʪʢʽʟʛʽʰʪʽʢ ʞʘסʜʘʡʳʥ ʙʘץʳʣʘʫʤʝʥ, ץʦʨʰʘסʘʥ ʦʨʪʘסʘ ᴅʩʝʨʜʽ ʘʟʘʡʪʫʤʝʥ ʞᴅʥʝ ʨʝʘʢʪʠʚʪʽ-

ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽʥ ʢʝשʽʨʝʢ ץʦʣʜʘʥʫʤʝʥ ʙʘʡʣʘʥʳʩʪʳ ʝʢʝʥʽʥ ʢᴇʨʩʝʪʝʜʽ (Li ʞᴅʥʝ Yao, 

2024). ʄײʥʜʘʡ ʤʦʜʝʣʴʜʝʨ ʝʨʽʪʽʥʜʽ ץʦʟסʘʣʳʩʳʥ, ʭʠʤʠʷʣʳץ ʨʝʘʢʮʠʷʣʘʨʜʳ, ʫʨʘʥ 

ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥʳש ᴇʟʛʝʨʫʽʥ ʞᴅʥʝ ץʘʣʜʳץ ʝʨʽʪʽʥʜʽʣʝʨʜʽש ʳץʪʠʤʘʣ ʤʠʛʨʘʮʠʷʩʳʥ ʙʘסʘʣʘʫסʘ 

ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. 

 .ʳʟʜʳשʨʘʤ ʤʝʥ ʝʨʫ ʢʠʥʝʪʠʢʘʩʳ ʝʨʝʢʰʝ ʤʘײץ ץʰʽʥ ʤʠʥʝʨʘʣʜʳװ ʩʪʘʥ ʢʝʥ ʦʨʳʥʜʘʨʳץʘʟʘפ

Kurmanseiit ʞᴅʥʝ ʙʽʨʣʝʩʢʝʥ ʘʚʪʦʨʣʘʨ (2022) ʢװʢʽʨʪ ץʳʰץʳʣʜʳ ʝʨʽʪʽʥʜʽʣʝʨʜʝ UO2 ʞᴅʥʝ UO3 

ʝʨʫ ʞʳʣʜʘʤʜʳץʪʘʨʳʥʳש ᴅʨʪװʨʣʽ ʙʦʣʘʪʳʥʳʥ, ʩʦʥʜʘʡ-ʘץ ʞʳʥʳʩʪʳץ שʳʰץʳʣ ʪײʪʳʥʫʳ 

ᴇʥʜʽʨʽʩʪʽʢ ץʘʣʧʳʥʘ ʢʝʣʪʽʨʫʛʝ ᴅʩʝʨ ʝʪʝʪʽʥʽʥ ʢᴇʨʩʝʪʪʽ. ɼʝʤʝʢ, ʙʽʨʜʝʡ ʘʡʜʘʫ ʰʳסʳʥʳ ᴅʨ ʙʣʦʢʪʘ 

ᴅʨʪװʨʣʽ ʥᴅʪʠʞʝ ʙʝʨʫʽ ʤװʤʢʽʥ; ʙײʣ ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫʜʳש ʤʽʥʜʝʪʽʥ ʢװʨʜʝʣʝʥʜʽʨʝʜʽ. 

ᴆʥʝʨʢᴅʩʽʧʪʽʢ ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽ װʰᴇʣʰʝʤʜʽ ʛʝʦʣʦʛʠʷʣʳץ ʩʠʧʘʪʪʘʤʘʥʳ, 

ᴇʪʢʽʟʛʽʰʪʽʢ ᴇʨʽʩʽʥ ʞᴅʥʝ ʛʝʦʭʠʤʠʷʣʳץ ʬʘʮʠʷʣʘʨʜʳ ʪʘʣʘʧ ʝʪʝʜʽ. Lagneau ʞᴅʥʝ ᴅʨʽʧʪʝʩʪʝʨʽ (2019) 

ʤײʥʜʘʡ ʤʦʜʝʣʴʜʝʨʜʽש ᴇʥʜʽʨʽʩʪʽʢ ץʦʣʜʘʫ ʤʝʥ ʵʢʦʣʦʛʠʷʣʳץ ʙʘץʳʣʘʫʜʘסʳ ʨᴇʣʽʥ ʩʠʧʘʪʪʘʩʘ, Collet 

ʞᴅʥʝ ᴅʨʽʧʪʝʩʪʝʨʽ (2022) ʐʫ-ʉʘʨʳʩʫ ʙʘʩʩʝʡʥʽʥʜʝʛʽ ʊᴇʨʪײץʜʳץ ʢʝʥ ʦʨʥʳ װʰʽʥ ʽʨʽ ʤʘʩʰʪʘʙʪʳ 

 ʘסʨʫײץ ʝʛʽʟʽʥ ץʮʠʬʨʣʳ שʳʪʪʘʨ ISR ʙʣʦʛʳʥʳסʣ ʙʘײʘʥ. ɹסʩʳʥײ ʰᴇʣʰʝʤʜʽ ʤʦʜʝʣʴʜʝʫ ʤʳʩʘʣʳʥװ

 .ʳʣʳʤʠ ʥʝʛʽʟ ʙʝʨʝʜʽס
 

1- ʩʫʨʝʪ ï ɾʝʨʘʩʪʳ h ʘʡʤʘʣʘʫ ʧʘʨʘʤʝʪʨʣʝʨʽʥ ʥʘץʪʳ ʫʘץʳʪʪʘ ʙʘʩץʘʨʫʜʳש ʪײʡʳץ ʢʦʥʪʫʨʳ 

 

ʄʘʪʝʨʠʘʣʜʘʨ ʞᴅʥʝ ᴅʜʽʩʪʝʤʝʣʽʢ ʪᴅʩʽʣ. ɹײʣ ʤʘץʘʣʘ h ʦʣʫʣʳץ-ʪʘʣʜʘʤʘʣʳץ ʩʠʧʘʪʪʘ ʞʘʟʳʣʜʳ. 

ʅʝʛʽʟʛʽ ʤʘʪʝʨʠʘʣʜʘʨ ʨʝʪʽʥʜʝ ʘʰʳץ ʭʘʣʳץʘʨʘʣʳץ ʥײʩץʘʫʣʳץʪʘʨ, סʳʣʳʤʠ ʤʘץʘʣʘʣʘʨ, 

ʪʝʭʥʠʢʘʣʳץ ʰʦʣʫʣʘʨ, ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽ ʙʦʡʳʥʰʘ ʟʝʨʪʪʝʫʣʝʨ ʞᴅʥʝ סשײʳʤʘ 

ʘʣʘשʜʘʨʳʥ ʮʠʬʨʣʳץ ʙʘʩץʘʨʫסʘ ץʘʪʳʩʪʳ ʞʘʨʠʷʣʘʥʳʤʜʘʨ ץʘʨʘʩʪʳʨʳʣʜʳ. ʄʘץʘʣʘ ʞʘשʘ 

ᴇʥʜʽʨʽʩʪʽʢ ʩʳʥʘץ ʥʝʤʝʩʝ ʥʘץʪʳ ʢʝʥ ʙʣʦʛʳʥʜʘסʳ ʩʘʥʜʳץ ᴇʩʽʤ ʪʫʨʘʣʳ ʤᴅʣʽʤʜʝʤʝ ʞʘʩʘʤʘʡʜʳ; 

ʤײʥʜʘʡ ʥᴅʪʠʞʝʣʝʨ ᴇʥʝʨʢᴅʩʽʧʪʽʢ ʜʝʨʝʢʪʝʨʤʝʥ ʘʨʥʘʡʳ ʚʘʣʠʜʘʮʠʷʥʳ ץʘʞʝʪ ʝʪʝʜʽ. 
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ᴄʜʽʩʪʝʤʝʣʽʢ ʪײʨסʳʜʘʥ ʞײʤʳʩ װʰ ʢʝʟʝשʥʝʥ ʪײʨʘʜʳ. ɹʽʨʽʥʰʽ ʢʝʟʝשʜʝ ISR ʧʘʨʘʤʝʪʨʣʝʨʽ 

ʙʘʩץʘʨʫ ʬʫʥʢʮʠʷʩʳʥʘ ץʘʨʘʡ ʪʦʧʪʘʩʪʳʨʳʣʜʳ. ɽʢʽʥʰʽ ʢʝʟʝשʜʝ ᴅʨ ʪʦʧ װʰʽʥ ʥʘץʪʳ ʫʘץʳʪʪʘ 

ʥʝʤʝʩʝ ʞʘץʳʥ ʥʘץʪʳ ʫʘץʳʪʪʘ ʘʣʳʥʘʪʳʥ ʜʝʨʝʢʪʝʨ ʘʥʳץʪʘʣʜʳ. תʰʽʥʰʽ ʢʝʟʝשʜʝ ᴇʣʰʝʫʣʝʨʜʽ, 

ʤʦʜʝʣʴʜʽʢ ʙʦʣʞʘʤʜʳ ʞᴅʥʝ ʙʘʩץʘʨʫʰʳ ᴅʨʝʢʝʪʪʽ ʙʘʡʣʘʥʳʩʪʳʨʘʪʳʥ ʪײʞʳʨʳʤʜʘʤʘʣʳץ ʙʘʩץʘʨʫ 

ʢʦʥʪʫʨʳ ײʩʳʥʳʣʜʳ. 

ISR ʦʙʲʝʢʪʽʩʽʥ ʙʘʩץʘʨʳʣʘʪʳʥ ʞװʡʝ ʨʝʪʽʥʜʝ ʩʠʧʘʪʪʘʫ. ISR ʙʣʦʛʳʥ ʢᴇʧʜʝשʛʝʡʣʽ 

ʙʘʩץʘʨʫ ʦʙʲʝʢʪʽʩʽ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʫסʘ ʙʦʣʘʜʳ. ʊᴇʤʝʥʛʽ ʜʝשʛʝʡʜʝ ʩʦʨסʳʣʘʨ, ʰʳסʳʥ 

ᴇʣʰʝʛʽʰʪʝʨ, ץʳʩʳʤ ʜʘʪʯʠʢʪʝʨʽ, ʨʝʘʛʝʥʪ ʙʝʨʫ ʪʦʨʘʧʪʘʨʳ ʞᴅʥʝ ʞʝʢʝ סשײʳʤʘʣʘʨ ʦʨʥʘʣʘʩʘʜʳ. 

ʆʨʪʘ ʜʝשʛʝʡʜʝ ᴇʥʽʤʜʽ ʞᴅʥʝ ʞײʤʳʩ ʝʨʽʪʽʥʜʽʣʝʨʽʥʽש ʭʠʤʠʷʣʳײץ ץʨʘʤʳ, סשײʳʤʘʣʘʨʜʳש 

ᴇʥʽʤʜʽʣʽʛʽ, ʟʝʨʪʭʘʥʘʣʳץ ʪʘʣʜʘʫ ʥᴅʪʠʞʝʣʝʨʽ ʞᴅʥʝ ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳʥʳש ʜʝʨʝʢʪʝʨʽ ᴇשʜʝʣʝʜʽ. 

ɾʦסʘʨסʳ ʜʝשʛʝʡʜʝ ʢʝʥ ץʘʙʘʪʳʥʳש ʮʠʬʨʣʳץ ʤʦʜʝʣʽ ʥʝʤʝʩʝ ʮʠʬʨʣʳץ ʝʛʽʟʽ ʦʨʥʘʣʘʩʳʧ, ʝʨʽʪʽʥʜʽ 

 ץᴇʟʛʝʨʫʽʥ ʞᴅʥʝ ʵʢʦʣʦʛʠʷʣʳ שʘʣʳʩʳʥ, ʰʘʡʤʘʣʘʫ ʬʨʦʥʪʳʥ, ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥʳסʦʟץ

ʘʫʳʪץʫʣʘʨʜʳש ʳץʪʠʤʘʣʜʳסʳʥ ʙʦʣʞʘʡʜʳ. 
 

2- ʩʫʨʝʪ ï ɾʝʨʘʩʪʳ h ʘʡʤʘʣʘʫ ʙʣʦʛʳʥʳש ʮʠʬʨʣʳץ ʝʛʽʟʽʥʝ ʘʨʥʘʣסʘʥ ץʘʙʘʪʪʳץ ʘʨʭʠʪʝʢʪʫʨʘ 

 

ɹʘʩץʘʨʳʣʘʪʳʥ ʧʘʨʘʤʝʪʨʣʝʨ ʞᴅʥʝ ʜʝʨʝʢ ʢᴇʟʜʝʨʽ. ʅʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫ װʰʽʥ 

ʧʘʨʘʤʝʪʨʜʽש ᴇʥʜʽʨʽʩʪʽʢ ʬʫʥʢʮʠʷʩʳ סʘʥʘ ʝʤʝʩ, ʦʥʳש ʰʝʢʪʝʫʰʽ ʬʫʥʢʮʠʷʩʳ ʜʘ ʤʘשʳʟʜʳ. 

ʄʳʩʘʣʳ, ʘʡʜʘʫ ʰʳסʳʥʳʥ ʘʨʪʪʳʨʫ ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽ ʢᴇʣʝʤʽʥ ʢᴇʙʝʡʪʫʽ ʤװʤʢʽʥ, ʙʽʨʘץ ʙʘʡʣʘʥʳʩʫ 

ʫʘץʳʪʳʥ ʘʟʘʡʪʳʧ, ʝʨʽʪʽʥʜʽʥʽץ שʘʞʝʪʩʽʟ ʙʘסʳʪʪʘ ʞʳʣʜʘʤ ᴇʪʫ ץʘʫʧʽʥ ʘʨʪʪʳʨʘʜʳ. פʳʰץʳʣ 

ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥ ʢᴇʪʝʨʫ ʫʨʘʥ ʝʨʫʽʥ ʞʳʣʜʘʤʜʘʪʫʳ ʤװʤʢʽʥ, ʘʣʘʡʜʘ ʨʝʘʛʝʥʪ ʰʳסʳʥʳ, ʝʢʽʥʰʽ 

ʨʝʪʪʽʢ ʪײʥʙʘ ʪװʟʽʣʫʽ ʞᴅʥʝ ʢʝʡʽʥʛʽ ץʘʣʧʳʥʘ ʢʝʣʪʽʨʫ ʰʳסʳʥʜʘʨʳ ʜʘ ᴇʩʫʽ ʳץʪʠʤʘʣ. 

 
1- ʢʝʩʪʝ ï ʋʨʘʥʜʳ ʞʝʨʘʩʪʳ h ʘʡʤʘʣʘʫʜʘ ʥʘץʪʳ ʫʘץʳʪʪʘ ʙʘʩץʘʨʳʣʘʪʳʥ ʥʝʛʽʟʛʽ ʧʘʨʘʤʝʪʨʣʝʨ 

ʇʘʨʘʤʝʪʨ 

ʪʦʙʳ 

ʅʘץʪʳ ʫʘץʳʪʪʘסʳ 

ʜʝʨʝʢʪʝʨ 

ɹʘʩץʘʨʫʰʳ ᴅʨʝʢʝʪ ʊײʨʘץʪʳʣʳץ ᴇʣʰʝʤʽ 

 

ɻʠʜʨʦʜʠʥʘʤ 

ʠʢʘ 

ʘʡʜʘʫ ʞᴅʥʝ ʩʦʨʳʧ ʘʣʫ 

ʰʳסʳʥʳ; ץʳʩʳʤ; סשײʳʤʘ 

 ʳ; ʩʫסʳʰʪʳסʘʙʳʣʜʘץ

ʙʘʣʘʥʩʳ 

ʘסʳʥʜʘʨʜʳ ץʘʡʪʘ ʙᴇʣʫ; 

ʩʦʨסʳ ʨʝʞʠʤʽʥ ᴇʟʛʝʨʪʫ; 

ʞʝʨʛʽʣʽʢʪʽ ץʳʩʳʤʜʳ 

ʪᴇʤʝʥʜʝʪʫ 

ʝʨʽʪʽʥʜʽʥʽ ʙʣʦʢ ʽʰʽʥʜʝ 

 ʨʫ; ʝʨʪʝײʩʪʘʧ ʪײ

ʛʠʜʨʦʜʠʥʘʤʠʢʘʣʳץ ᴇʪʫʛʝ 

ʞʦʣ ʙʝʨʤʝʫ 

 

ɽʨʽʪʽʥʜʽ 

ʛʝʦʭʠʤʠʷʩʳ 

pH, Eh, H2SO4 ʥʝʤʝʩʝ 

ʢʘʨʙʦʥʘʪ ʨʝʘʛʝʥʪʽ; 

ʪʦʪʳץʪʳʨסʳʰ; 

ʩʫʣʴʬʘʪʪʘʨ; Fe, Ca, Mg 

ʨʝʘʛʝʥʪ ʜʦʟʘʩʳʥ ʪװʟʝʪʫ; 

ʝʨʽʪʽʥʜʽ ײץʨʘʤʳʥ ʞᴅʥʝ 

ʙʘʡʣʘʥʳʩʫ ʫʘץʳʪʳʥ 

ᴇʟʛʝʨʪʫ 

ʞʝʪʢʽʣʽʢʪʽ ʝʨʫ 

ʞʳʣʜʘʤʜʳסʳ ʞᴅʥʝ 

ʨʝʘʛʝʥʪʪʽש ʰʘʤʘʜʘʥ ʪʳʩ 

ʞײʤʩʘʣʤʘʫʳ 

 

 

ᴆʥʽʤʜʽʣʽʢ 

ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳ; 

ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽ ʰʳסʳʥʳ; 

 ʘʣʧʳʥʘ ʢʝʣʪʽʨʫץ

ʜʠʥʘʤʠʢʘʩʳ; ʠʦʥʘʣʤʘʩʫ 

ʞװʢʪʝʤʝʩʽ 

 ʳʤʘʣʘʨʜʳסשײ

ʙʘʩʳʤʜʳץץʘ ʙᴇʣʫ; ʘסʳʥ 

ʙʘסʳʪʳʥ ᴇʟʛʝʨʪʫ; 

ʙʣʦʢʪʳ ץʦʩʳʤʰʘ 

ʰʘʡʤʘʣʘʫ ʥʝʤʝʩʝ ʞʘʙʫ 

ʰʝʰʽʤʽ 

 

ʫʨʘʥʜʳ ʘʣʫ ʜʝשʛʝʡʽʥ 

ʨʝʘʛʝʥʪ ʧʝʥ ʵʥʝʨʛʠʷ 

ʰʳסʳʥʳʥ ᴇʩʽʨʤʝʡ 

ʞʘץʩʘʨʪʫ 
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ʕʢʦʣʦʛʠʷʣʳץ 

ʙʘץʳʣʘʫ 

ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳʥʳש 

ʭʠʤʠʷʩʳ; ʛʠʜʨʘʚʣʠʢʘʣʳץ 

ʛʨʘʜʠʝʥʪ; ʤʠʛʨʘʮʠʷ 

ʠʥʜʠʢʘʪʦʨʣʘʨʳ; 

ʨʘʜʠʦʣʦʛʠʷʣʳץ 

ʢᴇʨʩʝʪʢʽʰʪʝʨ 

 

ʪʝʨʽʩ ʩʫ ʙʘʣʘʥʩʳʥ 

ʩʘץʪʘʫ; ʤʦʥʠʪʦʨʠʥʛʪʽ 

ʢװʰʝʡʪʫ; ץʘʫʽʧʪʽ 

ʨʝʞʠʤʜʝʨʜʽ ʰʝʢʪʝʫ 

 

ʨץײʩʘʪ ʝʪʽʣʛʝʥ ᴅʩʝʨ 

ʘʡʤʘסʳʥ ʩʘץʪʘʫ ʞᴅʥʝ 

 ʘʣʧʳʥʘ ʢʝʣʪʽʨʫʛʝץ

ʜʘʡʳʥʜʳץ 

 

2- ʢʝʩʪʝ ï ʅʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫסʘ ʘʨʥʘʣסʘʥ ʜʝʨʝʢ ʢᴇʟʜʝʨʽʥʽש ʩʘʣʳʩʪʳʨʤʘʩʳ 

ɼʝʨʝʢ ʢᴇʟʽ ɾʠʽʣʽʢ ɸʨʪʳץʰʳʣʳסʳ ʐʝʢʪʝʫʽ 

SCADA ʞᴅʥʝ 

ʪʝʣʝʤʝʪʨʠʷ 

ʩʝʢʫʥʜ-

ʤʠʥʫʪ 

ʰʳסʳʥ, ץʳʩʳʤ ʞᴅʥʝ ʩʦʨסʳ 

ʢװʡʽʥ ʞʝʜʝʣ ʙʘץʳʣʘʫ 

ʭʠʤʠʷʣʳץ ʧʨʦʮʝʩʪʝʨʜʽ ʪʽʢʝʣʝʡ 

ʪװʩʽʥʜʽʨʤʝʡʜʽ 

ʆʥʣʘʡʥ 

ʭʠʤʠʷʣʳץ 

ʜʘʪʯʠʢʪʝʨ 

ʤʠʥʫʪ-

ʩʘסʘʪ 

pH, Eh, ʵʣʝʢʪʨᴇʪʢʽʟʛʽʰʪʽʢ 

ᴇʟʛʝʨʽʩʽʥ ʝʨʪʝ ʢᴇʨʩʝʪʝʜʽ 

ʢʘʣʠʙʨʣʝʫ, ʣʘʩʪʘʥʫ ʞᴅʥʝ 

ʜʨʝʡʬ ʤᴅʩʝʣʝʣʝʨʽ ʙʘʨ 

ɿʝʨʪʭʘʥʘʣʳץ 

ʪʘʣʜʘʫ 

ʩʘסʘʪ-ʢװʥ ʫʨʘʥ, ץʦʩʧʘʣʘʨ ʞᴅʥʝ ʨʝʘʛʝʥʪ 

 ʪʘʡʜʳץʨʘʤʳʥ ʩʝʥʽʤʜʽ ʘʥʳײץ

ʢʝʰʽʛʫ ʙʘʨ, ʩʦʥʜʳץʪʘʥ 

ʙʘʩץʘʨʫסʘ ʪʽʢʝʣʝʡ ᴅʩʝʨʽ ʙʘʷʫ 

ɹʘץʳʣʘʫ 

 ʳʤʘʣʘʨʳסשײ

ʩʘסʘʪ-ʢװʥ/ 

ʘʧʪʘ 

ʝʨʽʪʽʥʜʽ ʤʠʛʨʘʮʠʷʩʳ ʤʝʥ 

ʵʢʦʣʦʛʠʷʣʳץ ʪᴅʫʝʢʝʣʜʽ 

ʙʘסʘʣʘʡʜʳ 

ʢʝשʽʩʪʽʢʪʽʢ ץʘʤʪʫ h ʝʢʪʝʫʣʽ 

ʈʝʘʢʪʠʚʪʽ-

ʪʘʩʳʤʘʣʜʘʫ 

ʤʦʜʝʣʽ 

ʩʮʝʥʘʨʠʡʣʽ 

ʢ/ 

ʧʝʨʠʦʜʪʳץ 

ʬʠʟʠʢʘʣʳץ ʪװʩʽʥʜʽʨʤʝʩʽ ʢװʰʪʽ, 

 ʤʝʨʟʽʤʜʽ ʙʦʣʞʘʤ ʙʝʨʝʜʽ ץʟʘײ

ʝʩʝʧʪʝʫ ʫʘץʳʪʳ ʢᴇʧ, 

ʢʘʣʠʙʨʣʝʫʛʝ ʪᴅʫʝʣʜʽ 

ML ʩʫʨʨʦʛʘʪ 

ʤʦʜʝʣʽ 

ʩʝʢʫʥʜ-

ʤʠʥʫʪ 

ʞʝʜʝʣ ʩʢʨʠʥʠʥʛ ʞᴅʥʝ ʙʘʩץʘʨʫ 

ʥײʩץʘʣʘʨʳʥ ʩʘʣʳʩʪʳʨʫ 

ʠʥʪʝʨʧʨʝʪʘʮʠʷʩʳ ʰʝʢʪʝʫʣʽ, 

ʦץʳʪʫ ʜʝʨʝʢʪʝʨʽʥʝ ʪᴅʫʝʣʜʽ 

 

3- ʩʫʨʝʪ ï ʇʘʨʘʤʝʪʨ ʪʦʧʪʘʨʳʥʳש ʙʘʩץʘʨʫ ʪײʨסʳʩʳʥʘʥ ʩʘʣʳʩʪʳʨʤʘʣʳ ʙʘʩʳʤʜʳץʪʘʨʳ 

 

ʅᴅʪʠʞʝ: ʥʘϨʪʳ ʫʘϨʳʪʪʘϤʳ ʙʘʩϨʘʨʫʜʳϬ ʪϰʞʳʨʳʤʜʘʤʘʣʳϨ ʤʦʜʝʣʽ. ʐʦʣʫ ʥᴅʪʠʞʝʩʽʥʜʝ 

ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫʜʳש ʙʽʨʽʥʰʽ ʤʘשʳʟʜʳ ץʘסʠʜʘʪʳ ʨʝʪʽʥʜʝ isr ʙʣʦʛʳʥ ʢᴇʧʤʘץʩʘʪʪʳ 

ʙʘʩץʘʨʫ ʦʙʲʝʢʪʽʩʽ ʜʝʧ ʪʘʥʫ ײʩʳʥʳʣʘʜʳ. ʙײʣ ʦʙʲʝʢʪʽʜʝ ʙʽʨ סʘʥʘ ʤʘץʩʘʪ ï ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳʥ 

ʘʨʪʪʳʨʫ - ʞʝʪʢʽʣʽʢʩʽʟ. ʙʘʩץʘʨʫ ʘʣʛʦʨʠʪʤʽ ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽ ʩʘʧʘʩʳʥ, ʝʨʽʪʽʥʜʽ ʰʳסʳʥʳʥ, ʨʝʘʛʝʥʪ 

ʪײʪʳʥʫʳʥ, סשײʳʤʘʣʘʨʜʳש ʪײʨʘץʪʳʣʳסʳʥ, ʛʠʜʨʘʚʣʠʢʘʣʳץ ʦץʰʘʫʣʘʫʜʳ ʞᴅʥʝ ץʘʣʧʳʥʘ ʢʝʣʪʽʨʫ 

ʢʝʟʝשʽʥʜʝʛʽ ʳץʪʠʤʘʣ ʪᴅʫʝʢʝʣʜʝʨʜʽ ʙʽʨʛʝ ʝʩʢʝʨʫʽ ʪʠʽʩ. 

ɽʢʽʥʰʽ ץʘסʠʜʘʪ ï ʤʦʜʝʣʴʛʝ ʩװʡʝʥʛʝʥ ʙʘʩץʘʨʫ. ʅʘץʪʳ ʫʘץʳʪʪʘסʳ ʜʝʨʝʢʪʝʨ ץʳʩץʘ ʤʝʨʟʽʤʜʽ 

ʞʘסʜʘʡʜʳ ʢᴇʨʩʝʪʝʜʽ, ʘʣ ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʽ ʩʦʣ ʞʘסʜʘʡʜʳש ʛʝʦʣʦʛʠʷʣʳץ ʞᴅʥʝ 

ʛʝʦʭʠʤʠʷʣʳץ ʩʝʙʝʧʪʝʨʽʥ ʪװʩʽʥʜʽʨʫʛʝ ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. ɹʽʨʘץ ʪʦʣʳץ RTM ᴅʨʜʘʡʳʤ ʞʝʜʝʣ 

ʙʘʩץʘʨʫסʘ ʞʝʪʢʽʣʽʢʪʽ ʞʳʣʜʘʤ ʙʦʣʘ ʙʝʨʤʝʡʜʽ. 
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ʉʦʥʜʳץʪʘʥ ʧʨʘʢʪʠʢʘʣʳץ ʞװʡʝʜʝ ʝʛʞʝʡ-ʪʝʛʞʝʡʣʽ RTM ʙʘʟʘʣʳץ ʥʝʤʝʩʝ ɻ ʪʘʣʦʥʜʳץ ʤʦʜʝʣʴ 

ʨʝʪʽʥʜʝ, ʘʣ ʤʘʰʠʥʘʣʳץ ʦץʳʪʫסʘ ʥʝʛʽʟʜʝʣʛʝʥ ʩʫʨʨʦʛʘʪ ʤʦʜʝʣʴ ʞʝʜʝʣ ʩʮʝʥʘʨʠʡʣʽʢ ʝʩʝʧʪʝʫ 

 .ʤʢʽʥװʦʣʜʘʥʳʣʫʳ ʤץ ʨʘʣʳ ʨʝʪʽʥʜʝײץ

 ʡʝ ᴇʥʜʽʨʽʩʪʽʢ ʨʝʞʠʤʜʽװʘʨʳʣʘʪʳʥ ʘʚʪʦʥʦʤʠʷ. ɸʚʪʦʥʦʤʜʳ ʞץʠʜʘʪ ï ʙʘʩסʘץ ʰʽʥʰʽת

ʰʝʢʪʝʫʩʽʟ ᴇʟʛʝʨʪʝ ʘʣʤʘʡʜʳ. ʆʣ ץʳʩʳʤ, ʩʫ ʙʘʣʘʥʩʳ, ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳʥʳש ʭʠʤʠʷʣʳץ 

ʢᴇʨʩʝʪʢʽʰʪʝʨʽ, ʩʦʨסʳ ץʘʫʽʧʩʽʟʜʽʛʽ ʞᴅʥʝ ʝʨʽʪʽʥʜʽ ײץʨʘʤʳ ʙʦʡʳʥʰʘ ʘʣʜʳʥ ʘʣʘ ʙʝʣʛʽʣʝʥʛʝʥ 

ʰʝʢʪʝʨ ʽʰʽʥʜʝ סʘʥʘ ᴅʨʝʢʝʪ ʝʪʫʽ ʢʝʨʝʢ. ɽש ʰʳʥʘʡʳ ʞʦʣ ï ʢʝʟʝש-ʢʝʟʝשʤʝʥ ʝʥʛʽʟʫ: ʘʣʜʳʤʝʥ 

ʤʦʥʠʪʦʨʠʥʛ ʧʝʥ ʜʠʘʛʥʦʩʪʠʢʘ, ʦʜʘʥ ʢʝʡʽʥ ʦʧʝʨʘʪʦʨסʘ ײʩʳʥʳʩ ʙʝʨʫ, ʢʝʡʽʥ ʪᴇʤʝʥ ʪᴅʫʝʢʝʣʜʽ 

ᴅʨʝʢʝʪʪʝʨʜʽ ʘʚʪʦʤʘʪʪʳ ʦʨʳʥʜʘʫ, ʝש ʩʦשʳʥʜʘ ʪʘשʜʘʣסʘʥ ʧʘʨʘʤʝʪʨʣʝʨ ʙʦʡʳʥʰʘ ʤʦʜʝʣʴʜʽʢ-

ʙʦʣʞʘʤʜʳץ ʙʘʩץʘʨʫ. 
 

4- ʩʫʨʝʪ ï ɹʘʩץʘʨʳʣʘʪʳʥ ʧʘʨʘʤʝʪʨʣʝʨ ʤʝʥ ᴇʥʜʽʨʽʩʪʽʢ-ʵʢʦʣʦʛʠʷʣʳץ ʤʘץʩʘʪʪʘʨ ʙʘʡʣʘʥʳʩʳ 

3-ʢʝʩʪʝ ï ISR ʧʘʨʘʤʝʪʨʣʝʨʽʥ ʙʘʩץʘʨʫʜʘ ץʦʣʜʘʥʳʣʘʪʳʥ ʮʠʬʨʣʳץ ʞᴅʥʝ ʤʦʜʝʣʴʜʽʢ ᴅʜʽʩʪʝʨ 

ᴄʜʽʩ פʦʣʜʘʥʳʣʫ ʤʘץʩʘʪʳ ɸʨʪʳץʰʳʣʳסʳ ʅʘʟʘʨ ʘʫʜʘʨʘʪʳʥ 

ʤᴅʩʝʣʝ 

SCADA- 

ʙʘץʳʣʘʫ 

ʦʧʝʨʘʮʠʷʣʳץ 

ʧʘʨʘʤʝʪʨʣʝʨʜʽ ʪʽʨʢʝʫ 

ʞʝʜʝʣ ʞᴅʥʝ ʪײʨʘץʪʳ 

ʜʝʨʝʢ ʘסʳʥʳ 

ʭʠʤʠʷʣʳץ ᴇʟʛʝʨʽʩʪʝʨʜʽ 

ʞʝʢʝ ᴇʟʽ ʪװʩʽʥʜʽʨʤʝʡʜʽ 

ʈʝʘʢʪʠʚʪʽ-

ʪʘʩʳʤʘʣʜʘʫ 

ʤʦʜʝʣʽ 

ʝʨʽʪʽʥʜʽ ץʦʟסʘʣʳʩʳ ʤʝʥ 

ʨʝʘʢʮʠʷʣʘʨʜʳ ʙʦʣʞʘʫ 

ʬʠʟʠʢʘʣʳץ ʞᴅʥʝ 

ʛʝʦʭʠʤʠʷʣʳץ ʥʝʛʽʟʽ ʙʘʨ 

ᴇʪʢʽʟʛʽʰʪʽʢ ʧʝʥ 

ʤʠʥʝʨʘʣʦʛʠʷ ʪʫʨʘʣʳ 

ʜʝʨʝʢʪʝʨ ץʘʞʝʪ 

ML ʩʫʨʨʦʛʘʪ 

ʤʦʜʝʣʴ 

ʙʘʩץʘʨʫ ʥײʩץʘʣʘʨʳʥ ʪʝʟ 

ʩʘʣʳʩʪʳʨʫ 

ʞʳʣʜʘʤ ʝʩʝʧʪʝʫ ʞᴅʥʝ 

ʦʥʣʘʡʥ ʨʝʞʠʤʛʝ 

ʙʝʡʽʤʜʝʣʫ 

ʦץʳʪʫ ʜʝʨʝʢʪʝʨʽʥʝʥ ʪʳʩ 

ʞʘסʜʘʡʜʘ ʩʝʥʽʤʜʽʣʽʛʽ 

ʪᴇʤʝʥʜʝʫʽ ʤװʤʢʽʥ 

MPC ʙʦʣʘʰʘץ ʘʫʳʪץʫʜʳ 

ʘʣʜʳʥ ʘʣʘ ʝʩʢʝʨʽʧ 

ʙʘʩץʘʨʫ 

ʰʝʢʪʝʫʣʝʨʜʽ ʬʦʨʤʘʣʜʳ 

ʪװʨʜʝ ʝʥʛʽʟʝʜʽ 

ʤʦʜʝʣʴ ʩʘʧʘʩʳʥʘ ʞᴅʥʝ 

ʰʝʢʪʝʫʣʝʨʜʽש ʜײʨʳʩ 

 ʦʡʳʣʫʳʥʘ ʪᴅʫʝʣʜʽץ

ʎʠʬʨʣʳץ ʝʛʽʟ ʜʝʨʝʢ, ʤʦʜʝʣʴ ʞᴅʥʝ 

ʰʝʰʽʤʜʽ ʙʽʨʽʢʪʽʨʫ 

ʦʧʝʨʘʪʦʨסʘ ʪײʪʘʩ 

ʞʘסʜʘʡʣʳץ ʢᴇʨʽʥʽʩ 

ʙʝʨʝʜʽ 

ʜʝʨʝʢ ʩʘʧʘʩʳ, 

ʠʥʪʝʛʨʘʮʠʷ  ʞᴅʥʝ 

ʚʘʣʠʜʘʮʠʷ ʪʘʣʘʧʪʘʨʳ 

ʞʦסʘʨʳ 
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5- ʩʫʨʝʪ ï ISR ʙʘʩץʘʨʫʳʥ ʢʝʟʝש-ʢʝʟʝשʤʝʥ ʘʚʪʦʥʦʤʠʷʣʘʥʜʳʨʫ ʣʦʛʠʢʘʩʳ 

 

ʊʘʣץʳʣʘʫ. ױʩʳʥʳʣסʘʥ ʪᴅʩʽʣ ISR ʪʠʽʤʜʽʣʽʛʽʥ ʪװʩʽʥʜʽʨʫʜʽ ʢʝשʝʡʪʝʜʽ. ɼᴅʩʪװʨʣʽ 

ʢᴇʨʩʝʪʢʽʰʪʝʨʛʝ ʫʨʘʥʜʳ ʘʣʫ ʜʝשʛʝʡʽ, ᴇʥʽʤʜʽ ʝʨʽʪʽʥʜʽʜʝʛʽ ʫʨʘʥ ʢʦʥʮʝʥʪʨʘʮʠʷʩʳ ʞᴅʥʝ ʨʝʘʛʝʥʪ 

ʰʳסʳʥʳ ʞʘʪʘʜʳ. ɸʣ ʮʠʬʨʣʳץ ʙʘʩץʘʨʫ ʢʦʥʪʫʨʳʥʜʘ ʙײʣ ʢᴇʨʩʝʪʢʽʰʪʝʨ ʩװʟʽʣʫʜʽש 

ʪײʨʘץʪʳʣʳסʳʤʝʥ, ʛʠʜʨʘʚʣʠʢʘʣʳץ ʦץʰʘʫʣʘʫʤʝʥ ʞᴅʥʝ ʵʢʦʣʦʛʠʷʣʳץ ʙʘץʳʣʘʫʤʝʥ ʙʽʨʛʝ 

 ʘʛʨʝʩʩʠʚʪʽʣʽʛʽʥ ʘʨʪʪʳʨʫ שʜʘʡʳʥʜʘ ʝʨʽʪʽʥʜʽʥʽסʳʣʜʳ ISR ʞʘץʳʰץ ʘʨʘʩʪʳʨʳʣʫʳ ʪʠʽʩ. ᴄʩʽʨʝʩʝץ

ʫʨʘʥ ʝʨʫʽʥ ʢװʰʝʡʪʢʝʥʽʤʝʥ, ץʳʰץʳʣ ʪײʪʳʥʫʜʳ, ʢʝʫʝʢ ʙʽʪʝʣʫʽʥ ʞᴅʥʝ ʢʝʡʽʥʛʽ ץʘʣʧʳʥʘ ʢʝʣʪʽʨʫ 

ʰʳסʳʥʜʘʨʳʥ ײʣסʘʡʪʫʳ ʤװʤʢʽʥ. 

ʈʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʽ ʛʝʦʣʦʛʠʷʣʳץ ʩʠʧʘʪʪʘʤʘ ʤʝʥ ʙʘʩץʘʨʫʰʳ h ʝʰʽʤ ʘʨʘʩʳʥʜʘסʳ 

ʙʘʡʣʘʥʳʩʪʳʨʫʰʳ ʙʫʳʥ ץʳʟʤʝʪʽʥ ʘʪץʘʨʘʜʳ. ʆʣ ʙʽʨ ʘʡʤʘץʪʘ ʥʝʛʝ ײʟʘץ ʙʘʡʣʘʥʳʩʫ ʫʘץʳʪʳ ץʘʞʝʪ 

ʝʢʝʥʽʥ, ʝʢʽʥʰʽ ʘʡʤʘץʪʘ ʥʝʛʝ ʘסʳʥʜʳ ץʘʡʪʘ ʙᴇʣʫ ʢʝʨʝʢʪʽʛʽʥ, ʘʣ װʰʽʥʰʽ ʘʡʤʘץʪʘ ʝʨʽʪʽʥʜʽ ײץʨʘʤʳʥ 

ᴇʟʛʝʨʪʫ ʥʝʛʝ ʤʘשʳʟʜʳ ʝʢʝʥʽʥ ʪװʩʽʥʜʽʨʝʜʽ. ɼʝʛʝʥʤʝʥ ʤʦʜʝʣʴ ʙʝʣʛʽʩʽʟʜʽʛʽ ʞʦסʘʨʳ ʙʦʣʳʧ ץʘʣʘ 

ʙʝʨʝʜʽ: ʞʝʨʛʽʣʽʢʪʽ ᴇʪʢʽʟʛʽʰʪʽʢ, ʩʘʟʜʳ ץʘʙʘʪʪʘʨʜʳש ʪʘʨʘʣʫʳ, U(IV)/U(VI) ץʘʪʳʥʘʩʳ, ץʳʰץʳʣ 

ʪײʪʳʥʫ ʞᴅʥʝ ʩʦʨʙʮʠʷʣʳץ ץʘʩʠʝʪʪʝʨ ʪʦʣʳץ ʙʝʣʛʽʣʽ ʙʦʣʤʘʫʳ ʤװʤʢʽʥ. ʊײʨʘץʪʳʣʳץ ʪײʨסʳʩʳʥʘʥ 

ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳ ᴇʥʜʽʨʽʩʪʽʢ סשײʳʤʘʣʘʨʤʝʥ ʙʽʨ ʮʠʬʨʣʳץ ʢʦʥʪʫʨʜʘ ץʘʨʘʩʪʳʨʳʣʫʳ ץʘʞʝʪ. 

ɽʛʝʨ ʵʢʦʣʦʛʠʷʣʳץ ʜʝʨʝʢʪʝʨ ʙᴇʣʝʢ ʞᴅʥʝ ʢʝʰʽʛʽʧ ᴇשʜʝʣʩʝ, ʞװʡʝ ᴇʥʜʽʨʽʩʪʽ ʦשʪʘʡʣʘʥʜʳʨסʘʥʳʤʝʥ, 

ʛʠʜʨʘʚʣʠʢʘʣʳץ ʦץʰʘʫʣʘʫʜʳ ᴅʣʩʽʨʝʪʫʽ ʤװʤʢʽʥ. ʉʦʥʜʳץʪʘʥ ʵʢʦʣʦʛʠʷʣʳץ ʤʦʥʠʪʦʨʠʥʛ ʙʘʩץʘʨʫ 

ʘʣʛʦʨʠʪʤʽʥʽש ʙʝʣʩʝʥʜʽ ʰʝʢʪʝʫʽ ʨʝʪʽʥʜʝ ʝʥʛʽʟʽʣʫʽ ʪʠʽʩ. ױʡʳʤʜʘʩʪʳʨʫʰʳʣʳץ ʰʘʨʪʪʘʨ ʜʘ 

ʤʘשʳʟʜʳ. ʉʝʥʽʤʜʽ ʘʚʪʦʥʦʤʠʷ װʰʽʥ ʩʪʘʥʜʘʨʪʪʘʣסʘʥ ʜʝʨʝʢʪʝʨ ʙʘʟʘʩʳ, ʟʝʨʪʭʘʥʘʣʳץ ʞᴅʥʝ SCADA 

ʞʘʟʙʘʣʘʨʳʥʳש ʙʽʨʳסשʘʡ ʬʦʨʤʘʪʳ, ʜʘʪʯʠʢ ʩʘʧʘʩʳʥ ʙʘץʳʣʘʫ, ʘʫʳʪץʫסʘ ʞʘʫʘʧ ʙʝʨʫ ʨʝʛʣʘʤʝʥʪʽ 

ʞᴅʥʝ ʠʥʞʝʥʝʨʣʽʢ ʤʘײץʣʜʘʫ ʪᴅʨʪʽʙʽ ץʘʞʝʪ. ʆʩʳ ʰʘʨʪʪʘʨ ʦʨʳʥʜʘʣʤʘʩʘ, ʢװʨʜʝʣʽ ʤʦʜʝʣʴʜʽש ᴇʟʽ 

ʩʝʥʽʤʜʽ ʙʘʩץʘʨʫ ײץʨʘʣʳ ʙʦʣʘ ʘʣʤʘʡʜʳ. 

 

6- ʩʫʨʝʪ ï סשױʳʤʘ ʘʣʘשʳʥʜʘסʳ ʘʡʜʘʫ-ʩʦʨʳʧ ʘʣʫ ʙʘʣʘʥʩʳʥʳץ שʘʨʘʧʘʡʳʤ ʩײʣʙʘʩʳ 

 

ϣʳʣʳʤʠ ʞϸʥʝ ʧʨʘʢʪʠʢʘʣʳϨ ʤʘϬʳʟʳ. ISR ʪʝʭʥʦʣʦʛʠʷʩʳʥ ᴇʥʜʽʨʽʩʪʽʢ-ʛʝʦʣʦʛʠʷʣʳץ ʦʙʲʝʢʪ 

ʨʝʪʽʥʜʝ סʘʥʘ ʝʤʝʩ, ʢᴇʧʧʘʨʘʤʝʪʨʣʽ, ʰʝʢʪʝʫʣʝʨʽ ʙʘʨ, ʜʝʨʝʢʢʝ ʥʝʛʽʟʜʝʣʛʝʥ ʙʘʩץʘʨʫ ʞװʡʝʩʽ ʨʝʪʽʥʜʝ 

 ʡװʢ ץʪʘʥ, ʙʘʨʣʳץʘʥʜʳץʦʡʥʘʫʳʥʜʘ ʦʨʥʘʣʘʩץ ʘʨʫ ʦʙʲʝʢʪʽʩʽ ʞʝʨץʥʜʘ ʙʘʩײʘʨʘʩʪʳʨʫʳʥʜʘ. ʄץ

ʘʡʥʳʤʘʣʳʣʘʨʳʥ ʪʽʢʝʣʝʡ ᴇʣʰʝʫ ʤװʤʢʽʥ ʝʤʝʩ. ʉʦʥʜʳץʪʘʥ ʙʘץʳʣʘʫ, ʤʦʜʝʣʴʜʝʫ, ʙʦʣʞʘʫ ʞᴅʥʝ 

ʦʧʝʨʘʪʦʨʣʳץ ʰʝʰʽʤ ʙʽʨ ʞװʡʝʛʝ ʙʽʨʽʢʪʽʨʽʣʫʽ ʢʝʨʝʢ. 
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ʇʨʘʢʪʠʢʘʣʳץ ʪײʨסʳʜʘʥ ײʩʳʥʳʣסʘʥ ʪײʞʳʨʳʤʜʘʤʘ ISR ʙʣʦʛʳʥʘ ʘʨʥʘʣסʘʥ ʮʠʬʨʣʳץ ʝʛʽʟʜʽ 

ʞʦʙʘʣʘʫ, ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʜʝʨʝʢʪʝʨʜʽ ײץʨʳʣʳʤʜʘʫ, ʙʘʩץʘʨʫ ʘʣʛʦʨʠʪʤʜʝʨʽʥʽש ʰʝʢʪʝʫʣʝʨʽʥ 

ʙʝʣʛʽʣʝʫ ʞᴅʥʝ ʦʧʝʨʘʪʦʨסʘ ʘʨʥʘʣסʘʥ h ʝʰʽʤ ץʘʙʳʣʜʘʫ ʞװʡʝʩʽʥ ᴅʟʽʨʣʝʫ װʰʽʥ ʙʘʩʪʘʧץʳ ʥʝʛʽʟ ʙʦʣʘ 

ʘʣʘʜʳ. 

4-ʢʝʩʪʝ ï ʅʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫʜʳ ʜʘʤʳʪʫʜʘסʳ h ʝʢʪʝʫʣʝʨ ʞᴅʥʝ ʟʝʨʪʪʝʫ ʙʘסʳʪʪʘʨʳ 

ʐʝʢʪʝʫ ʥʝʤʝʩʝ ʤᴅʩʝʣʝ ɹʘʩץʘʨʫסʘ ᴅʩʝʨʽ ʂʝʣʝʩʽ ʟʝʨʪʪʝʫ ʙʘסʳʪʳ 

ᴆʪʢʽʟʛʽʰʪʽʢ ᴇʨʽʩʽʥʽש 

ʙʝʣʛʽʩʽʟʜʽʛʽ 

ʝʨʽʪʽʥʜʽ ץʦʟסʘʣʳʩʳʥ ʙʦʣʞʘʫ 

 ʘʪʝʣʽʛʽ ʘʨʪʘʜʳץ

 ʳʤʘ ʜʝʨʝʢʪʝʨʽʤʝʥ ʤʦʜʝʣʴʜʽסשײ

ʪײʨʘץʪʳ ʢʘʣʠʙʨʣʝʫ 

ʍʠʤʠʷʣʳץ ʜʘʪʯʠʢʪʝʨʜʽש 

ʜʨʝʡʬʽ 

pH/Eh ʙʦʡʳʥʰʘ ץʘʪʝ ʰʝʰʽʤ 

 ʘʫʧʽ ʙʘʨץ

ʜʘʪʯʠʢ ʩʘʧʘʩʳʥ ʙʘץʳʣʘʫ ʞᴅʥʝ 

ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʧʝʥ ʩʘʣʳʩʪʳʨʫ 

RTM ʝʩʝʧʪʝʫʽʥʽש 

ʙʘʷʫʣʳסʳ 

ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫʜʘ 

ʢʝʰʽʛʫ ʪʫʳʥʜʘʡʜʳ 

ʞʳʣʜʘʤ ʩʫʨʨʦʛʘʪ ʤʦʜʝʣʴ ʞᴅʥʝ 

ʛʠʙʨʠʜʪʽ ʝʩʝʧʪʝʫ ʘʨʭʠʪʝʢʪʫʨʘʩʳ 

ʕʢʦʣʦʛʠʷʣʳץ 

ʜʝʨʝʢʪʝʨʜʽש ʢʝʰʽʛʫʽ 

ᴇʥʜʽʨʽʩʪʽʢ ʦשʪʘʡʣʘʥʜʳʨʫ 

ʰʝʢʪʝʫʣʝʨʜʝʥ ʘʞʳʨʘʫʳ ʤװʤʢʽʥ 

ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳʥ ʙʝʣʩʝʥʜʽ 

ʰʝʢʪʝʫ ʨʝʪʽʥʜʝ ʝʥʛʽʟʫ 

ᴆʥʝʨʢᴅʩʽʧʪʽʢ 

ʜʝʨʝʢʪʝʨʜʽש ʞʘʙʳץʪʳסʳ 

ʘʣʛʦʨʠʪʤʜʝʨʜʽ ʚʘʣʠʜʘʮʠʷʣʘʫ 

 ʠʳʥʜʘʡʜʳץ

ʘʥʦʥʠʤʜʝʣʛʝʥ ʜʝʨʝʢʪʝʨ 

ʞʠʳʥʜʘʨʳ ʞᴅʥʝ ʧʠʣʦʪʪʳץ 

ʙʣʦʢʪʳץ ʟʝʨʪʪʝʫʣʝʨ 

 

 ʳʪʪʘ ʤʦʥʠʪʦʨʠʥʛʪʝʫץʪʳ ʫʘץʦʨʳʪʳʥʜʳ. ʋʨʘʥʜʳ ʞʝʨʘʩʪʳ ʰʘʡʤʘʣʘʫ ʧʘʨʘʤʝʪʨʣʝʨʽʥ ʥʘפ

ʞᴅʥʝ ʙʘʩץʘʨʫ ISR ʙʣʦʛʳʥ ʮʠʬʨʣʳץ, ʤʦʜʝʣʴʛʝ ʥʝʛʽʟʜʝʣʛʝʥ ʞᴅʥʝ ʰʝʢʪʝʫʣʝʨʽ ʙʘʨ ʙʘʩץʘʨʫ 

ʦʙʲʝʢʪʽʩʽ ʨʝʪʽʥʜʝ ץʘʨʘʩʪʳʨʫʜʳ ʪʘʣʘʧ ʝʪʝʜʽ. ɹײʣ ʪᴅʩʽʣʜʽש ʤʘץʩʘʪʳ ʪʝʢ ʘסʳʤʜʘסʳ ᴇʥʜʽʨʫʜʽ 

ʘʨʪʪʳʨʫ ʝʤʝʩ, ʩʦʥʳʤʝʥ ץʘʪʘʨ ʩװʟʽʣʫʜʽש ʪײʨʘץʪʳʣʳסʳʥ, ʨʝʘʛʝʥʪʪʽײ שʪʳʤʜʳ ʰʳסʳʥʳʥ, 

ʛʠʜʨʘʚʣʠʢʘʣʳץ ʙʘʣʘʥʩʪʳ ʞᴅʥʝ ʵʢʦʣʦʛʠʷʣʳץ ץʘʫʽʧʩʽʟʜʽʢʪʽ ʩʘץʪʘʫ ʙʦʣʳʧ ʪʘʙʳʣʘʜʳ. ɽש 

ʧʝʨʩʧʝʢʪʠʚʘʣʳ ʙʘסʳʪ - SCADA, ʟʝʨʪʭʘʥʘʣʳץ ʜʝʨʝʢʪʝʨ, ʦʥʣʘʡʥ ʭʠʤʠʷʣʳץ ʤʦʥʠʪʦʨʠʥʛ, 

ʙʘץʳʣʘʫ סשײʳʤʘʣʘʨʳ, ʨʝʘʢʪʠʚʪʽ-ʪʘʩʳʤʘʣʜʘʫ ʤʦʜʝʣʴʜʝʨʽ, ʤʘʰʠʥʘʣʳץ ʦץʳʪʫסʘ ʥʝʛʽʟʜʝʣʛʝʥ 

ʩʫʨʨʦʛʘʪ ʤʦʜʝʣʴʜʝʨ ʞᴅʥʝ ʤʦʜʝʣʴʜʽʢ-ʙʦʣʞʘʤʜʳץ ʙʘʩץʘʨʫʜʳ ʙʽʨ ʮʠʬʨʣʳץ ʢʦʥʪʫʨסʘ ʙʽʨʽʢʪʽʨʫ. 

ʄײʥʜʘʡ ʞװʡʝ ʘʫʳʪץʫסʘ ʢʝʰʽʛʽʧ ʞʘʫʘʧ ʙʝʨʫʜʝʥ ʙʘʩץʘʨʫ ʨʝʞʠʤʜʝʨʽʥ ʘʣʜʳʥ ʘʣʘ ʪʘשʜʘʫסʘ ʢᴇʰʫʛʝ 

ʤװʤʢʽʥʜʽʢ ʙʝʨʝʜʽ. 

ISR ʘʚʪʦʥʦʤʠʷʩʳ ʙʘʩץʘʨʳʣʘʪʳʥ ʘʚʪʦʥʦʤʠʷ ʪװʨʽʥʜʝ ʜʘʤʫʳ ʪʠʽʩ. ɸʣʛʦʨʠʪʤʜʝʨ 

ʜʠʘʛʥʦʩʪʠʢʘ, ʙʦʣʞʘʫ ʞᴅʥʝ ʪᴇʤʝʥ ʪᴅʫʝʢʝʣʜʽ ʪװʟʝʪʫʣʝʨʜʽ ʦʨʳʥʜʘʡ ʘʣʘʜʳ, ʙʽʨʘץ ʩʪʨʘʪʝʛʠʷʣʳץ 

ʨʝʞʠʤ ᴇʟʛʝʨʽʩʪʝʨʽ ʠʥʞʝʥʝʨʣʽʢ ʙʘץʳʣʘʫʜʘ ʞᴅʥʝ ʵʢʦʣʦʛʠʷʣʳץ ʰʝʢʪʝʫʣʝʨ ʰʝʛʽʥʜʝ ץʘʣʫʳ ץʘʞʝʪ. 

ɹʦʣʘʰʘץ ʟʝʨʪʪʝʫʣʝʨ ʥʘץʪʳ ʙʣʦʢʪʳץ ʜʝʨʝʢʪʝʨ ʙʦʡʳʥʰʘ ʮʠʬʨʣʳץ ʝʛʽʟʜʽ ʢʘʣʠʙʨʣʝʫʛʝ, ʩʝʥʽʤʜʽ 

ʙʘʩץʘʨʫ ʘʣʛʦʨʠʪʤʜʝʨʽʥ ᴅʟʽʨʣʝʫʛʝ ʞᴅʥʝ ʥʘץʪʳ ʫʘץʳʪʪʘסʳ ʙʘʩץʘʨʫʜʳש ʫʨʘʥʜʳ ʘʣʫ ʜʝשʛʝʡʽʥʝ, 

ᴇʟʽʥʜʽʢ ײץʥסʘ ʞᴅʥʝ ʩʫ ʪײʪץʳʰ ʛʦʨʠʟʦʥʪʪʳ ץʘʣʧʳʥʘ ʢʝʣʪʽʨʫʛʝ ᴅʩʝʨʽʥ ʙʘסʘʣʘʫסʘ ʙʘסʳʪʪʘʣʫʳ 

ʢʝʨʝʢ. 
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ɸʇʇɸʈɸʊʅʆ-ɸʃɻʆʈʀʊʄʀʏɽʉʂɸʗ ʆʇʊʀʄʀɿɸʎʀʗ 

ʇɽʈʀʌɽʈʀʁʅʓʍ ɺʓʏʀʉʃɽʅʀʁ ɺ ɸɺʊʆɼʀʅʅʆʁ ʃɸɿɽʈʅʆʁ 

ʀʅʊɽʈʌɽʈʆʄɽʊʈʀʀ ɼʃʗ ʎʀʌʈʆɺʓʍ ɼɺʆʁʅʀʂʆɺ 

 

ɹ. ɸʤʠʨʭʘʥʦʚĭ, ɸ. ʅʘʟʘʨʛʦʞʘĭ*, ɻ. ʊʶʣʝʧʙʝʨʜʠʥʦʚʘĭ, ʉ. ɸʜʠʣʞʘʥʦʚʘĮ, 

ʅ. ʖʩʫʙʦʚʘĭ 

¹ ʂʘʟʘʭʩʢʠʡ ʥʘʮʠʦʥʘʣʴʥʳʡ ʫʥʠʚʝʨʩʠʪʝʪ ʠʤʝʥʠ ʘʣʴ-ʌʘʨʘʙʠ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

² ɸʣʤʘʪʠʥʩʢʠʡ ʪʝʭʥʦʣʦʛʠʯʝʩʢʠʡ ʫʥʠʚʝʨʩʠʪʝʪ, ɸʣʤʘʪʳ, ʂʘʟʘʭʩʪʘʥ 

*ɽ-mail: nazargozua@gmail.com 

 
ɸʥʥʦʪʘʮʠʷ. ʇʝʨʝʭʦʜ ʢ ʀʥʜʫʩʪʨʠʠ 4.0 ʠ ʚʥʝʜʨʝʥʠʝ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ ʪʨʝʙʫʶʪ 

ʤʘʩʰʪʘʙʠʨʫʝʤʳʭ ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦ ʦʧʪʠʤʠʟʠʨʦʚʘʥʥʳʭ ʩʝʥʩʦʨʥʳʭ ʩʝʪʝʡ. ɺ ʩʪʘʪʴʝ ʨʝʰʘʝʪʩʷ ʟʘʜʘʯʘ 

ʦʧʪʠʤʠʟʘʮʠʠ ʩʙʦʨʘ ʚʠʙʨʦʤʝʪʨʠʯʝʩʢʠʭ ʜʘʥʥʳʭ ʚ ʘʨʭʠʪʝʢʪʫʨʘʭ ʧʨʦʤʳʰʣʝʥʥʦʛʦ ʀʥʪʝʨʥʝʪʘ ʚʝʱʝʡ 

(IIoT). ʇʨʝʜʩʪʘʚʣʝʥʦ ʤʘʪʝʤʘʪʠʯʝʩʢʦʝ ʤʦʜʝʣʠʨʦʚʘʥʠʝ, ʘʧʧʘʨʘʪʥʘʷ ʦʧʪʠʤʠʟʘʮʠʷ ʠ ʵʤʧʠʨʠʯʝʩʢʘʷ 

ʚʘʣʠʜʘʮʠʷ ʜʘʪʯʠʢʘ ʘʚʪʦʜʠʥʥʦʡ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʠ (SMI) ʜʣʷ ʧʝʨʠʬʝʨʠʡʥʳʭ ʚʳʯʠʩʣʝʥʠʡ (Edge 

Computing). ʅʘ ʙʘʟʝ ʣʘʟʝʨʘ ADL-65075TL (650 ʥʤ) ʠ ʦʧʪʠʤʠʟʠʨʦʚʘʥʥʦʛʦ ʘʥʘʣʦʛʦʚʦʛʦ ʠʥʪʝʨʬʝʡʩʘ 

(OPA2134) ʩ ʚʠʨʪʫʘʣʴʥʦʡ ʟʝʤʣʝʡ 2.5 ɺ ʩʠʩʪʝʤʘ ʠʟʚʣʝʢʘʝʪ ʥʘʥʦʤʝʪʨʦʚʳʝ ʤʠʢʨʦʚʠʙʨʘʮʠʠ 

ʠʩʢʣʶʯʠʪʝʣʴʥʦ ʟʘ ʩʯʝʪ ʦʧʪʠʯʝʩʢʦʡ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. ɺʳʯʠʩʣʠʪʝʣʴʥʘʷ ʦʧʪʠʤʠʟʘʮʠʷ ʜʦʩʪʠʛʘʝʪʩʷ 

ʧʝʨʝʥʦʩʦʤ ʘʣʛʦʨʠʪʤʘ ʙʳʩʪʨʦʛʦ ʧʨʝʦʙʨʘʟʦʚʘʥʠʷ ʌʫʨʴʝ (ɹʇʌ) ʥʘ ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨ ESP32 

(ʟʘʜʝʨʞʢʘ 

<18 ʤʩ), ʯʪʦ ʤʠʥʠʤʠʟʠʨʫʝʪ ʩʝʪʝʚʦʡ ʪʨʘʬʠʢ, ʧʝʨʝʜʘʚʘʷ ʚ ʘʨʭʠʪʝʢʪʫʨʫ ʮʠʬʨʦʚʦʛʦ ʜʚʦʡʥʠʢʘ ʪʦʣʴʢʦ 

ʩʧʝʢʪʨʘʣʴʥʫʶ ʪʝʣʝʤʝʪʨʠʶ. 

ʂʣʶʯʝʚʳʝ ʩʣʦʚʘ: ʘʚʪʦʜʠʥʥʘʷ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʷ, ʦʧʪʠʤʠʟʘʮʠʷ ʚʳʯʠʩʣʝʥʠʡ, ʧʝʨʠʬʝʨʠʡʥʳʝ 

ʚʳʯʠʩʣʝʥʠʷ, ʮʠʬʨʦʚʦʡ ʜʚʦʡʥʠʢ, ʧʨʝʜʠʢʪʠʚʥʦʝ ʦʙʩʣʫʞʠʚʘʥʠʝ, ʧʨʦʤʳʰʣʝʥʥʳʡ IoT. 

 

ɺʚʝʜʝʥʠʝ. ʈʝʘʣʠʟʘʮʠʷ ʢʦʥʮʝʧʮʠʠ ʀʥʜʫʩʪʨʠʠ 4.0 ʠ ʘʨʭʠʪʝʢʪʫʨ ʧʨʝʜʠʢʪʠʚʥʦʛʦ 

ʦʙʩʣʫʞʠʚʘʥʠʷ ʥʝʨʘʟʨʳʚʥʦ ʩʚʷʟʘʥʘ ʩ ʧʦʩʪʨʦʝʥʠʝʤ ʚʳʩʦʢʦʪʦʯʥʳʭ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ (Digital 

Twins) ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʩʠʩʪʝʤ [1]. ɼʣʷ ʘʜʝʢʚʘʪʥʦʡ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʬʠʟʠʯʝʩʢʦʛʦ ʦʙʲʝʢʪʘ ʠ 

ʝʛʦ ʚʠʨʪʫʘʣʴʥʦʡ ʤʦʜʝʣʠ ʥʝʦʙʭʦʜʠʤ ʥʝʧʨʝʨʳʚʥʳʡ ʩʙʦʨ ʜʠʘʛʥʦʩʪʠʯʝʩʢʦʡ ʪʝʣʝʤʝʪʨʠʠ. ɺ 

ʯʘʩʪʥʦʩʪʠ, ʜʘʥʥʳʝ ʦ ʤʠʢʨʦʚʠʙʨʘʮʠʷʭ ʚʳʩʦʢʦʛʦ ʨʘʟʨʝʰʝʥʠʷ ʢʨʠʪʠʯʝʩʢʠ ʚʘʞʥʳ ʜʣʷ ʚʳʷʚʣʝʥʠʷ 

ʩʪʨʫʢʪʫʨʥʦʡ ʫʩʪʘʣʦʩʪʠ ʤʝʭʘʥʠʟʤʦʚ ʟʘʜʦʣʛʦ ʜʦ ʘʚʘʨʠʡʥʳʭ ʩʠʪʫʘʮʠʡ [2]. 

ʄʘʩʩʦʚʦʝ ʨʘʟʚʝʨʪʳʚʘʥʠʝ ʜʘʪʯʠʢʦʚ ʧʦʨʦʞʜʘʝʪ ʩʣʦʞʥʫʶ ʦʧʪʠʤʠʟʘʮʠʦʥʥʫʶ ʧʨʦʙʣʝʤʫ: 

ʥʝʧʨʝʨʳʚʥʘʷ ʪʨʘʥʩʣʷʮʠʷ ʩʳʨʳʭ ʚʳʩʦʢʦʯʘʩʪʦʪʥʳʭ ʜʘʥʥʳʭ ʚ ʦʙʣʘʢʦ ʚʳʟʳʚʘʝʪ ʧʝʨʝʛʨʫʟʢʫ 

ʧʨʦʧʫʩʢʥʦʡ ʩʧʦʩʦʙʥʦʩʪʠ ʩʝʪʝʡ IIoT ʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʢʣʘʩʪʝʨʦʚ. ʊʨʘʜʠʮʠʦʥʥʳʝ 

ʧʴʝʟʦʵʣʝʢʪʨʠʯʝʩʢʠʝ ʘʢʩʝʣʝʨʦʤʝʪʨʳ ʪʨʝʙʫʶʪ ʞʝʩʪʢʦʛʦ ʤʝʭʘʥʠʯʝʩʢʦʛʦ ʢʦʥʪʘʢʪʘ. 

ɹʝʩʢʦʥʪʘʢʪʥʳʝ ʤʝʪʦʜʳ, ʪʘʢʠʝ ʢʘʢ ʣʘʟʝʨʥʘʷ ʜʦʧʣʝʨʦʚʩʢʘʷ ʚʝʣʦʩʠʤʝʪʨʠʷ (LDV), ʪʨʝʙʫʶʪ 

ʩʣʦʞʥʦʡ ʚʥʝʰʥʝʡ ʦʧʪʠʢʠ (ʟʝʨʢʘʣ, ʩʚʝʪʦʜʝʣʠʪʝʣʝʡ), ʯʪʦ ʜʝʣʘʝʪ ʠʭ ʥʝʦʧʨʘʚʜʘʥʥʦ ʜʦʨʦʛʠʤʠ ʜʣʷ 

ʤʘʩʰʪʘʙʥʦʛʦ ʚʥʝʜʨʝʥʠʷ. ɸʢʫʩʪʠʯʝʩʢʠʡ ʤʦʥʠʪʦʨʠʥʛ ʩʠʣʴʥʦ ʜʝʛʨʘʜʠʨʫʝʪ ʚ ʫʩʣʦʚʠʷʭ 

ʰʠʨʦʢʦʧʦʣʦʩʥʳʭ ʧʨʦʤʳʰʣʝʥʥʳʭ ʧʦʤʝʭ. 

ɸʚʪʦʜʠʥʥʘʷ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʷ (Self-Mixing Interferometry, SMI) ʧʨʝʜʣʘʛʘʝʪ ʵʣʝʛʘʥʪʥʦʝ 

ʬʠʟʠʯʝʩʢʦʝ ʨʝʰʝʥʠʝ, ʠʩʧʦʣʴʟʫʷ ʦʧʪʠʯʝʩʢʫʶ ʦʙʨʘʪʥʫʶ ʩʚʷʟʴ ʚʥʫʪʨʠ ʨʝʟʦʥʘʪʦʨʘ 

ʧʦʣʫʧʨʦʚʦʜʥʠʢʦʚʦʛʦ ʣʘʟʝʨʘ [3, 4]. ʎʝʣʴʶ ʜʘʥʥʦʡ ʨʘʙʦʪʳ ̫ ʚʣʷʝʪʩʷ ʨʝʰʝʥʠʝ ʟʘʜʘʯʠ ʘʧʧʘʨʘʪʥʦ-

ʘʣʛʦʨʠʪʤʠʯʝʩʢʦʡ ʦʧʪʠʤʠʟʘʮʠʠ SMI-ʘʨʭʠʪʝʢʪʫʨʳ ʜʣʷ ʪʦʧʦʣʦʛʠʡ ʧʝʨʠʬʝʨʠʡʥʳʭ ʚʳʯʠʩʣʝʥʠʡ 

(Edge Computing). ʇʝʨʝʥʦʩ ʩʧʝʢʪʨʘʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʥʝʧʦʩʨʝʜʩʪʚʝʥʥʦ ʥʘ ʩʝʥʩʦʨʥʳʡ ʫʟʝʣ 

ʨʘʜʠʢʘʣʴʥʦ ʦʧʪʠʤʠʟʠʨʫʝʪ ʩʝʪʝʚʦʡ ʪʨʘʬʠʢ ʠ ʧʨʝʜʦʩʪʘʚʣʷʝʪ ʥʘʜʝʞʥʳʡ ʢʘʥʘʣ ʜʘʥʥʳʭ ʜʣʷ 

ʬʫʥʢʮʠʦʥʠʨʦʚʘʥʠʷ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ. 

ʄʘʪʝʤʘʪʠʯʝʩʢʘʷ ʤʦʜʝʣʴ ʠ ʤʝʭʘʥʠʢʘ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʠ. ʌʫʥʜʘʤʝʥʪʘʣʴʥʘʷ ʤʝʭʘʥʠʢʘ 

ʧʨʝʜʣʦʞʝʥʥʦʛʦ SMI-ʜʘʪʯʠʢʘ ʩʪʨʦʛʦ ʦʧʠʩʳʚʘʝʪʩʷ ʫʨʘʚʥʝʥʠʷʤʠ ʃʘʥʛʘ-ʂʦʙʘʷʩʠ, 

ʤʦʜʝʣʠʨʫʶʱʠʤʠ ʜʠʥʘʤʠʢʫ ʧʦʣʫʧʨʦʚʦʜʥʠʢʦʚʦʛʦ ʣʘʟʝʨʘ ʧʨʠ ʚʥʝʰʥʝʡ ʦʧʪʠʯʝʩʢʦʡ ʦʙʨʘʪʥʦʡ 

ʩʚʷʟʠ [5]. ɺʦʟʚʨʘʱʘʶʱʠʡʩʷ ʦʪ ʚʠʙʨʠʨʫʶʱʝʡ ʤʠʰʝʥʠ ʩʚʝʪ ʠʥʜʫʮʠʨʫʝʪ ʦʧʪʠʯʝʩʢʫʶ ʨʘʟʥʦʩʪʴ 

ʬʘʟ ȹű(t), ʢʦʪʦʨʘʷ ʧʨʷʤʦ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʘ ʬʠʟʠʯʝʩʢʦʤʫ ʩʤʝʱʝʥʠʶ ʮʝʣʠ L(t): 
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ȹű(t) = 4ˊL(t) / ɚ, (1) 

 

ʛʜʝ ɚ ð ʨʘʙʦʯʘʷ ʜʣʠʥʘ ʚʦʣʥʳ ʠʟʣʫʯʝʥʠʷ. ʆʧʪʠʯʝʩʢʘʷ ʚʳʭʦʜʥʘʷ ʤʦʱʥʦʩʪʴ P(t) ʧʨʝʪʝʨʧʝʚʘʝʪ 

ʥʝʣʠʥʝʡʥʫʶ ʤʦʜʫʣʷʮʠʶ: 

 

P(t) = P [1 + m · cos(ű_F(t))], (2) 

 

ʛʜʝ P ð ʥʝʚʦʟʤʫʱʝʥʥʘʷ ʤʦʱʥʦʩʪʴ ʥʝʧʨʝʨʳʚʥʦʛʦ ʠʟʣʫʯʝʥʠʷ, m ð ʠʥʜʝʢʩ ʤʦʜʫʣʷʮʠʠ, ʘ ű_F(t) 

ð ʚʦʟʤʫʱʝʥʥʘʷ ʦʧʪʠʯʝʩʢʘʷ ʬʘʟʘ ʧʨʠ ʜʠʥʘʤʠʯʝʩʢʦʡ ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. ɺʦʟʤʫʱʝʥʥʘʷ ʬʘʟʘ 

ʦʧʨʝʜʝʣʷʝʪʩʷ ʪʨʘʥʩʮʝʥʜʝʥʪʥʳʤ ʫʨʘʚʥʝʥʠʝʤ: 

 

ű_F(t) = ű (t) ī C Ŀ sin(ű_F(t) + arctan(Ŭ)), (3) 

 

ʛʜʝ ű (t) ð ʥʝʚʦʟʤʫʱʝʥʥʘʷ ʬʘʟʘ, Ŭ ð ʬʘʢʪʦʨ ʫʰʠʨʝʥʠʷ ʣʠʥʠʠ, C ð ʧʘʨʘʤʝʪʨ ʦʧʪʠʯʝʩʢʦʡ 

ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ. ɼʣʷ ʟʘʜʘʯ ʚʠʙʨʦʤʝʪʨʠʠ ʘʨʭʠʪʝʢʪʫʨʘ ʦʧʪʠʤʠʟʠʨʦʚʘʥʘ ʧʦʜ ʨʝʞʠʤ ʫʤʝʨʝʥʥʦʡ 

ʦʙʨʘʪʥʦʡ ʩʚʷʟʠ (1 < C < 4). ɺ ʵʪʦʤ ʨʝʞʠʤʝ ʚʳʭʦʜʥʘʷ ʤʦʱʥʦʩʪʴ ʧʨʠʦʙʨʝʪʘʝʪ ʘʩʠʤʤʝʪʨʠʯʥʫʶ 

ʧʠʣʦʦʙʨʘʟʥʫʶ ʬʦʨʤʫ. ʇʨʠ ʠʩʧʦʣʴʟʦʚʘʥʠʠ ʣʘʟʝʨʘ 650 ʥʤ ʢʘʞʜʳʡ ʜʠʩʢʨʝʪʥʳʡ ʬʨʦʥʪ (ʬʨʠʢʮʠʷ) 

ʩʦʦʪʚʝʪʩʪʚʫʝʪ ʘʧʧʘʨʘʪʥʦʤʫ ʩʤʝʱʝʥʠʶ ʥʘ 325 ʥʤ (ɚ/2). 

ɸʧʧʘʨʘʪʥʘʷ ʦʧʪʠʤʠʟʘʮʠʷ ʘʥʘʣʦʛʦʚʦʛʦ ʠʥʪʝʨʬʝʡʩʘ (AFE). ʀʟʚʣʝʯʝʥʠʝ 

ʤʠʢʨʦʘʤʧʝʨʥʦʛʦ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʯʝʩʢʦʛʦ ʩʠʛʥʘʣʘ (AC) ʥʘ ʬʦʥʝ ʤʘʩʩʠʚʥʦʡ ʧʦʩʪʦʷʥʥʦʡ 

ʩʦʩʪʘʚʣʷʶʱʝʡ (DC) ʣʘʟʝʨʥʦʛʦ ʠʟʣʫʯʝʥʠʷ ʧʨʝʜʩʪʘʚʣʷʝʪ ʩʦʙʦʡ ʩʣʦʞʥʫʶ ʟʘʜʘʯʫ. ʀʩʧʦʣʴʟʦʚʘʣʩʷ 

ʢʦʤʤʝʨʯʝʩʢʠʡ ʜʠʦʜ ADL-65075TL (20 ʤɸ, 2.2 ɺ). 

ʗʜʨʦʤ ʘʥʘʣʦʛʦʚʦʛʦ ʬʨʦʥʪʵʥʜʘ (AFE) ʚʳʩʪʫʧʠʣ ʧʨʝʮʠʟʠʦʥʥʳʡ ʦʧʝʨʘʮʠʦʥʥʳʡ ʫʩʠʣʠʪʝʣʴ 

OPA2134. ʀʥʪʝʛʨʘʮʠʷ ʚʳʩʦʢʦʢʣʘʩʩʥʳʭ ʆʋ ʩ ʩʦʚʨʝʤʝʥʥʳʤʠ Edge-ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨʘʤʠ 

ʜʠʢʪʫʝʪ ʞʝʩʪʢʠʝ ʦʛʨʘʥʠʯʝʥʠʷ: OPA2134 ʩʧʨʦʝʢʪʠʨʦʚʘʥ ʜʣʷ ʜʚʫʧʦʣʷʨʥʦʛʦ ʧʠʪʘʥʠʷ (Ñ15 ɺ), 

ʪʦʛʜʘ ʢʘʢ IIoT-ʫʩʪʨʦʡʩʪʚʘ ʨʘʙʦʪʘʶʪ ʥʘ ʦʜʥʦʧʦʣʷʨʥʦʡ ʣʦʛʠʢʝ 5 ɺ. ɺ ʨʘʙʦʪʝ ʨʝʘʣʠʟʦʚʘʥʘ 

ʘʧʧʘʨʘʪʥʘʷ ʩʭʝʤʦʪʝʭʥʠʯʝʩʢʘʷ ʦʧʪʠʤʠʟʘʮʠʷ: ʩʠʥʪʝʟ ʧʨʝʮʠʟʠʦʥʥʦʡ ʚʠʨʪʫʘʣʴʥʦʡ ʟʝʤʣʠ 2.5 ɺ 

ʧʦʩʨʝʜʩʪʚʦʤ ʨʝʟʠʩʪʠʚʥʦʛʦ ʜʝʣʠʪʝʣʷ. ʉʪʨʘʪʝʛʠʯʝʩʢʦʝ ʩʤʝʱʝʥʠʝ ʧʦʩʪʦʷʥʥʦʛʦ ʪʦʢʘ ʫʩʪʘʥʦʚʠʣʦ 

ʩʠʤʤʝʪʨʠʯʥʫʶ ʨʘʙʦʯʫʶ ʪʦʯʢʫ, ʯʪʦ ʧʦʣʥʦʩʪʴʶ ʧʨʝʜʦʪʚʨʘʪʠʣʦ ʢʣʠʧʧʠʨʦʚʘʥʠʝ (ʩʨʝʟ) 

ʘʩʠʤʤʝʪʨʠʯʥʳʭ ʧʠʣʦʦʙʨʘʟʥʳʭ ʩʠʛʥʘʣʦʚ ʧʨʠ ʦʪʨʠʮʘʪʝʣʴʥʳʭ ʬʘʟʦʚʳʭ ʦʪʢʣʦʥʝʥʠʷʭ. ʉʠʛʥʘʣ 

ʧʦʜʚʝʨʛʘʝʪʩʷ ʤʥʦʛʦʩʪʫʧʝʥʯʘʪʦʡ ʬʠʣʴʪʨʘʮʠʠ: ʬʠʣʴʪʨ ʚʳʩʦʢʠʭ ʯʘʩʪʦʪ ʧʦʜʘʚʣʷʝʪ 

ʥʠʟʢʦʯʘʩʪʦʪʥʳʝ ʥʘʚʦʜʢʠ (50 ɻʮ) ʠ ʫʩʪʨʘʥʷʝʪ DC-ʩʤʝʱʝʥʠʝ ʙʘʟʦʚʦʛʦ ʠʟʣʫʯʝʥʠʷ. ʇʘʩʩʠʚʥʳʡ 

ʬʠʣʴʪʨ ʥʠʞʥʠʭ ʯʘʩʪʦʪ ʚʳʩʪʫʧʘʝʪ ʘʥʪʠʘʣʠʘʩʠʥʛʦʚʳʤ ʙʘʨʴʝʨʦʤ ʧʝʨʝʜ ʦʮʠʬʨʦʚʢʦʡ. 

ɸʣʛʦʨʠʪʤʠʯʝʩʢʘʷ ʦʧʪʠʤʠʟʘʮʠʷ ʚʳʯʠʩʣʝʥʠʡ ʥʘ ʧʝʨʠʬʝʨʠʠ. ɸʥʘʣʦʛʦʚʳʡ ʩʠʛʥʘʣ 

ʦʮʠʬʨʦʚʳʚʘʝʪʩʷ 12-ʙʠʪʥʳʤ ɸʎʇ ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨʘ ESP32 ʩ ʜʝʪʝʨʤʠʥʠʨʦʚʘʥʥʦʡ ʯʘʩʪʦʪʦʡ 

ʜʠʩʢʨʝʪʠʟʘʮʠʠ 3.7 ʢɻʮ. ʊʨʘʥʩʣʷʮʠʷ ʤʘʩʩʠʚʦʚ çʩʳʨʳʭè ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ ʵʥʝʨʛʝʪʠʯʝʩʢʠ 

ʥʝʚʳʛʦʜʥʘ ʠ ʚʝʜʝʪ ʢ ʢʦʣʣʘʧʩʫ ʩʝʪʠ [6]. 

ɼʣʷ ʨʝʰʝʥʠʷ ʵʪʦʡ ʟʘʜʘʯʠ ʘʣʛʦʨʠʪʤʠʯʝʩʢʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʤʠʢʨʦʢʦʥʪʨʦʣʣʝʨ ʚʳʧʦʣʥʷʝʪ 

ʣʦʢʘʣʴʥʦʝ ʙʳʩʪʨʦʝ ʧʨʝʦʙʨʘʟʦʚʘʥʠʝ ʌʫʨʴʝ (ɹʇʌ) [7]. ʕʪʦ ʧʦʟʚʦʣʷʝʪ ʤʛʥʦʚʝʥʥʦ 

ʧʨʝʦʙʨʘʟʦʚʳʚʘʪʴ ʠʥʪʝʨʬʝʨʦʤʝʪʨʠʯʝʩʢʠʝ ʧʦʣʦʩʳ ʚ ʯʘʩʪʦʪʥʳʡ ʜʦʤʝʥ, ʠʟʦʣʠʨʫʷ 

ʜʦʤʠʥʠʨʫʶʱʠʝ ʨʝʟʦʥʘʥʩʥʳʝ ʯʘʩʪʦʪʳ ʧʨʷʤʦ ʥʘ ʢʨʠʩʪʘʣʣʝ. ɺ ʦʙʣʘʯʥʫʶ ɹɼ ʮʠʬʨʦʚʦʛʦ 

ʜʚʦʡʥʠʢʘ ʦʪʧʨʘʚʣʷʝʪʩʷ ʣʠʰʴ ʣʝʛʢʦʚʝʩʥʘʷ ʩʧʝʢʪʨʘʣʴʥʘʷ ʪʝʣʝʤʝʪʨʠʷ, ʩʥʠʞʘʷ ʦʙʲʝʤ 

ʧʝʨʝʜʘʚʘʝʤʳʭ ʜʘʥʥʳʭ ʥʘ ʧʦʨʷʜʢʠ. 

ʕʢʩʧʝʨʠʤʝʥʪʘʣʴʥʘʷ ʤʝʪʦʜʦʣʦʛʠʷ ʠ ʨʝʟʫʣʴʪʘʪʳ. ɺʘʣʠʜʘʮʠʷ ʩʠʩʪʝʤʳ ʧʨʦʚʦʜʠʣʘʩʴ ʥʘ 

ʩʪʝʥʜʝ, ʵʤʫʣʠʨʫʶʱʝʤ ʢʦʥʚʝʡʝʨʥʫʶ ʣʠʥʠʶ ʧʠʱʝʚʦʛʦ ʧʨʝʜʧʨʠʷʪʠʷ. ʆʙʲʝʢʪʘʤʠ ʚʳʩʪʫʧʘʣʠ 

ʤʝʪʘʣʣʠʯʝʩʢʠʝ ʢʦʥʪʝʡʥʝʨʳ ʩ ʨʘʟʣʠʯʥʳʤ ʦʙʲʝʤʦʤ ʞʠʜʢʦʩʪʠ. ʕʣʝʢʪʨʦʤʘʛʥʠʪʥʳʡ ʩʦʣʝʥʦʠʜ 

ʥʘʥʦʩʠʣ ʥʦʨʤʠʨʦʚʘʥʥʳʡ ʤʝʭʘʥʠʯʝʩʢʠʡ ʠʤʧʫʣʴʩ, ʘ ʜʘʪʯʠʢ SMI ʩʯʠʪʳʚʘʣ ʤʠʢʨʦʚʠʙʨʘʮʠʠ 

ʢʦʨʧʫʩʘ ʩʪʨʦʛʦ ʧʝʨʧʝʥʜʠʢʫʣʷʨʥʦ ʙʝʟ ʠʩʧʦʣʴʟʦʚʘʥʠʷ ʣʠʥʟ ʠʣʠ ʚʥʝʰʥʝʡ ʦʧʪʠʢʠ. 

 

 

 

ʕʢʩʧʝʨʠʤʝʥʪ ʧʦʜʪʚʝʨʜʠʣ ʵʬʬʝʢʪʠʚʥʦʩʪʴ ʘʧʧʘʨʘʪʥʦʡ ʦʧʪʠʤʠʟʘʮʠʠ: 12-ʙʠʪʥʳʝ ʜʘʥʥʳʝ 

ɸʎʇ ʧʦʢʘʟʘʣʠ ʩʠʤʤʝʪʨʠʯʥʳʝ ʢʦʣʝʙʘʥʠʷ ʧʠʣʦʦʙʨʘʟʥʳʭ ʩʠʛʥʘʣʦʚ ʦʪʥʦʩʠʪʝʣʴʥʦ ʚʠʨʪʫʘʣʴʥʦʡ 
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ʟʝʤʣʠ 2.5 ɺ ʙʝʟ ʘʤʧʣʠʪʫʜʥʳʭ ʠʩʢʘʞʝʥʠʡ. ESP32 ʫʩʧʝʰʥʦ ʚʳʧʦʣʥʠʣ ʘʣʛʦʨʠʪʤ ɹʇʌ ʟʘ ʚʨʝʤʷ 

ʤʝʥʝʝ 18 ʤʩ ʧʨʦʮʝʩʩʦʨʥʦʛʦ ʚʨʝʤʝʥʠ. ɼʘʥʥʘʷ ʚʳʯʠʩʣʠʪʝʣʴʥʘʷ ʩʢʦʨʦʩʪʴ ʛʘʨʘʥʪʠʨʫʝʪ ʦʙʨʘʙʦʪʢʫ 

ʚ ʞʝʩʪʢʦʤ ʨʝʘʣʴʥʦʤ ʚʨʝʤʝʥʠ ʙʝʟ ʧʝʨʝʧʦʣʥʝʥʠʷ ʙʫʬʝʨʦʚ. ʋʟʝʣ ʥʘʜʝʞʥʦ ʠʟʦʣʠʨʦʚʘʣ 

ʬʫʥʜʘʤʝʥʪʘʣʴʥʳʝ ʨʝʟʦʥʘʥʩʥʳʝ ʯʘʩʪʦʪʳ, ʢʦʪʦʨʳʝ ʩʤʝʱʘʣʠʩʴ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʦ ʫʨʦʚʥʶ 

ʞʠʜʢʦʩʪʠ, ʜʝʤʧʬʠʨʫʶʱʝʡ ʢʦʨʧʫʩ, ʯʪʦ ʜʦʢʘʟʘʣʦ ʚʦʟʤʦʞʥʦʩʪʴ ʘʚʪʦʥʦʤʥʦʡ ʢʣʘʩʩʠʬʠʢʘʮʠʠ 

ʦʙʲʝʢʪʦʚ. 

ɿʘʢʣʶʯʝʥʠʝ. ʈʘʟʨʘʙʦʪʘʥʥʘʷ ʘʚʪʦʜʠʥʥʘʷ ʩʝʥʩʦʨʥʘʷ ʘʨʭʠʪʝʢʪʫʨʘ ʫʩʧʝʰʥʦ ʨʝʰʘʝʪ 

ʢʦʤʧʣʝʢʩʥʫʶ ʧʨʦʙʣʝʤʫ ʘʧʧʘʨʘʪʥʦ-ʘʣʛʦʨʠʪʤʠʯʝʩʢʦʡ ʦʧʪʠʤʠʟʘʮʠʠ ʚʠʙʨʦʜʠʘʛʥʦʩʪʠʯʝʩʢʦʛʦ 

ʤʦʥʠʪʦʨʠʥʛʘ ʚ ʩʝʪʷʭ IIoT. ʇʝʨʝʥʦʩ ʩʧʝʢʪʨʘʣʴʥʦʛʦ ʘʥʘʣʠʟʘ ʥʘ Edge-ʫʟʣʳ ʥʘ ʙʘʟʝ ESP32 

ʧʦʟʚʦʣʠʣ ʩʥʠʟʠʪʴ ʟʘʜʝʨʞʢʫ ʦʙʨʘʙʦʪʢʠ ʜʦ <18 ʤʩ. ʉʭʝʤʦʪʝʭʥʠʯʝʩʢʘʷ ʘʜʘʧʪʘʮʠʷ ʧʨʝʮʠʟʠʦʥʥʦʛʦ 

ʫʩʠʣʠʪʝʣʷ OPA2134 ʢ ʦʜʥʦʧʦʣʷʨʥʦʤʫ ʧʠʪʘʥʠʶ 5 ɺ ʜʝʣʘʝʪ ʤʝʪʦʜ ʵʢʦʥʦʤʠʯʝʩʢʠ 

ʤʘʩʰʪʘʙʠʨʫʝʤʳʤ, ʫʩʪʨʘʥʷʷ ʧʦʪʨʝʙʥʦʩʪʴ ʚ ʩʣʦʞʥʦʡ ʚʥʝʰʥʝʡ ʦʧʪʠʢʝ. ʇʨʝʜʣʦʞʝʥʥʦʝ ʨʝʰʝʥʠʝ 

ʬʦʨʤʠʨʫʝʪ ʚʳʩʦʢʦʪʦʯʥʳʡ, ʫʩʪʦʡʯʠʚʳʡ ʢ ʧʦʤʝʭʘʤ ʧʦʪʦʢ ʩʧʝʢʪʨʘʣʴʥʳʭ ʜʘʥʥʳʭ ʨʝʘʣʴʥʦʛʦ 

ʚʨʝʤʝʥʠ, ʠʜʝʘʣʴʥʦ ʧʦʜʭʦʜʷʱʠʡ ʜʣʷ ʩʠʥʭʨʦʥʠʟʘʮʠʠ ʮʠʬʨʦʚʳʭ ʜʚʦʡʥʠʢʦʚ ʩʣʦʞʥʳʭ 

ʧʨʦʠʟʚʦʜʩʪʚʝʥʥʳʭ ʩʠʩʪʝʤ. 

ɹʣʘʛʦʜʘʨʥʦʩʪʠ. ʀʩʩʣʝʜʦʚʘʥʠʝ ʚʳʧʦʣʥʝʥʦ ʧʨʠ ʬʠʥʘʥʩʦʚʦʡ ʧʦʜʜʝʨʞʢʝ ʄʠʥʠʩʪʝʨʩʪʚʘ 

ʥʘʫʢʠ ʠ ʚʳʩʰʝʛʦ ʦʙʨʘʟʦʚʘʥʠʷ ʈʝʩʧʫʙʣʠʢʠ ʂʘʟʘʭʩʪʘʥ ʚ ʨʘʤʢʘʭ ʧʨʦʝʢʪʘ ʀʈʅ BR24992975: 

çʈʘʟʨʘʙʦʪʢʘ ʮʠʬʨʦʚʦʛʦ ʜʚʦʡʥʠʢʘ ʧʠʱʝʚʦʛʦ ʧʨʝʜʧʨʠʷʪʠʷ ʩ ʠʩʧʦʣʴʟʦʚʘʥʠʝʤ ʪʝʭʥʦʣʦʛʠʡ 

ʠʩʢʫʩʩʪʚʝʥʥʦʛʦ ʠʥʪʝʣʣʝʢʪʘ ʠ IIoTè. 
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Abstract. This paper presents a hybrid intelligent architecture for monitoring, diagnosing, and 

predicting load in power systems based on pumping units. The proposed method combines a multi-sensor data 

mining system with hybrid machine learning models that combine Support Vector Machines (SVM) and 

Particle Swarm Optimization (PSO). This article introduces the subject area under study and the basics of 

modern methods. It examines modern trends in monitoring electricity and water consumption, aimed at 

analyzing technological solutions that will increase the efficiency of pumping systems and allow for optimal 

resource management. This study develops a hybrid intelligent architecture that integrates multi-sensor data 

acquisition with optimized machine learning for real-time condition monitoring, fault diagnostics, and load 

forecasting. The framework combines vibration, electrical , hydraulic , and thermal parameters collected via 

a Raspberry Pi 4-based experimental platform. A balanced dataset of approximately 2,000 samples across 10 

classes was generated. Time- and frequency-domain features were extracted after preprocessing. Support 

Vector Machines with RBF kernel were optimized using Particle Swarm Optimization for hyperparameters C 

and ɔ. The PSO-SVM model achieved 93.9% classification accuracy, outperforming conventional grid-search 

SVM by ~2%, with strong macro-averaged Precision, Recall, and F1-scores (>0.93). Detailed per-class 

metrics confirm robustness, particularly for inner race faults. Integration of diagnostic outputs with time-

series energy consumption modeling enables predictive load forecasting, accounting for degradation effects. 

This contributes to predictive maintenance strategies, reduced downtime, and improved energy efficiency in 

smart power networks. The proposed approach addresses key challenges of stochastic dynamics, sensor fusion, 

and small-sample industrial diagnostics. 

Keywords: intelligent information system; hybrid mathematical models; machine learning; load 

forecasting; electric power systems; condition monitoring; equipment diagnostics; time series analysis; 

predictive maintenance; optimization; PSOïSVM method; multisensor data. 

 

Introduction. The development of an information system and mathematical models for 

monitoring and forecasting the load of electric power systems based on hybrid technologies is a 

relevant scientific and technical task aimed at improving the reliability and efficiency of energy 

system operation. The creation of such a system involves the formation of an integrated architecture 

that ensures the collection, integration, and intelligent processing of data on the operating modes of 

power facilities. The proposed approach is based on hybrid technologies that combine traditional 

mathematical modeling methods with modern machine learning algorithms and time series analysis 

techniques. The developed mathematical models are focused on adequately describing load dynamics 

while accounting for stochastic factors, seasonal and daily fluctuations, as well as the influence of 

external conditions. The information system must ensure adaptability and scalability, allowing model 

parameters to be adjusted as new data are accumulated and operating conditions change. 

1. Literature review and problem statement Extensive research exists on pump fault 

diagnostics using vibration analysis, motor current signature analysis (MCSA), and machine learning. 

Classical methods (e.g., FFT, wavelet transforms) provide good feature extraction but struggle with 

noisy industrial environments and multi-fault scenarios. ML approaches such as SVM, Random 

Forests, and neural networks have shown promise, yet many suffer from suboptimal hyperparameter 

selection, limited dataset diversity, or lack of integration with load forecasting. 

Key gaps identified: (1) insufficient sensor fusion across domains; (2) reliance on manual or 

grid-search tuning leading to local optima; (3) poor scalability to predictive maintenance in power 

systems; (4) limited consideration of degradation effects on energy consumption. 

mailto:mukaddaturgan@gmail.com
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Foreign studies (e.g., using ensemble methods or deep learning on centrifugal pumps) achieve 

high accuracy in controlled settings but often lack real-time embedded implementation. 

This paper fills  these gaps by proposing a modular Raspberry Pi-based platform with PSO-SVM 

hybrid modeling, validated on a realistic seeded-fault dataset, and linked to energy load modeling. 

Dias et al. [1] proposed a methodology based on machine learning (ML) techniques for 

troubleshooting pumps. The study focused on detecting cavitation faults in pump systems. Motor 

current data obtained from PROFINET networks via intelligent relays was used for diagnostics. A 

support vector machine (SVM) was used for pattern recognition, and MO tools were introduced for 

feature extraction and selection. Entropy and maximum value were identified as significant 

predictors. The system achieved 88.7% accuracy in fault detection and 100% accuracy in dry run 

detection. These results demonstrated its effectiveness for predictive maintenance of industrial 

communication networks. 

Wang et al. [2] proposed a methodology that combined complementary ensemble of empirical 

modes (CEEMD) partitioning algorithms, sample entropy (SampEn) and random forest (RF) methods 

for pump diagnostics. CEEMD solved the problem of mode mixing by partitioning the nonlinear and 

unstable nature of vibration signals into a series of intrinsic mode functions (IMFs). SampEn was used 

to quantify the complexity of IMFs and provide reliable feature vectors. These vectors were fed into 

an RF classifier and used to classify pump failure modes. These vectors were fed to an RF classifier 

and used to classify pump failure modes. The average diagnostic accuracy of the model reached 

97.08%, demonstrating stability in scenarios such as bearing wear and impeller damage under optimal 

noise ratios. 

Muralidharan et al. [3] conducted a comprehensive study aimed at diagnosing faults in 

monoblock centrifugal pumps, which are an important component in wastewater treatment, oil and 

gas and food industries. The study focused on the use of vibration-based condition monitoring 

methods for fault detection and classification. Among them, the diagnosis of bearing faults and 

operating mode disturbances was considered. 

2. The aim and objectives of the study Aim: Develop and experimentally validate a hybrid 

intelligent system for simultaneous fault diagnostics and load forecasting in pumping units within 

electric power systems. The purpose of the study. To create a monitoring information complex that 

provides diagnostics of the technical condition of pumping units in irrigation systems by monitoring 

the parameters of measuring sensors (water sensor, current/voltage sensor, vibration sensor). 

In accordance with the purpose of the research, the following tasks were identified: 

1. Analysis and systematization of methods for diagnosing energy 

consumption and faults in pumping systems; 

2. Creation of mathematical models characterizing the operation of pumping systems and 

adaptation of machine learning methods; 

3. Development of the architecture of an intelligent information complex integrating 

mathematical models and machine learning; 

4. Development of algorithms and software for studying the stability of complex energy 

systems; 

5. Development of an experimental setup and software development. 

6. Conduct experimental studies implementing the proposed approaches based on PSOï

SVM algorithms and compare the results with traditional methods. 

Objectives: 

1. Design and assemble a multi-sensor experimental testbench. 

2. Generate and preprocess a comprehensive labeled dataset for bearing conditions. 

3. Implement feature extraction in time/frequency domains and PSO-optimized SVM 

classification. 
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4. Integrate diagnostic results with energy consumption and load prediction models. 

5. Evaluate performance using confusion matrix metrics and discuss practical implications. 

6. Analyze limitations and outline pathways for industrial deployment. 
3. MATERIALS  AND METHODS 

Research methods - theoretical and experimental studies, mathematical and computer modeling 

and algorithm development. Collection and analysis of sensor measurements, mathematical 

modeling, application of machine learning algorithms, experimental research and comparative 

analysis of results. In addition, the following research methods are used in this work: analytical 

method, heuristic method of universal optimization or particle swarm optimization algorithm (PSO). 
EXPERIMENTAL  SETUP 

The implementation of this development will  improve forecasting accuracy, optimize energy resource 

management, and reduce the risk of emergency situations in electric power systems. You can see the 

diagram in the following figure 1. 
 

 
Figure 1 ï Experimental Setup 

 

Figure 1 shows the experimental setup. A three-phase induction motor with a rated power of 0.5 

hp and a rotational speed of up to 6000 rpm was used as the power source. A frequency converter 

(variable frequency drive, VFD) with a nominal frequency range of 0ï599 Hz was installed in front of 

the motor to control its operation under various working conditions. The motor was supplied with 

electrical power from the main source through this VFD. The shaft was connected to the motor by 

means of a coupling [4] . 

Four pump bearings applied both static and dynamic loads to the shaft. Flexible coupling and 

fastening systems were used to facilitate the replacement of the bearing and the shaft. Although 

defects could potentially be present in all pump bearings during the experiments, only one bearing was 

considered in this study in order to maintain reference conditions. A vibration analyzer based on the 

Raspberry Pi 4 platform was used, featuring an AC voltage range of ±5 V, a frequency range of 2ï10 

kHz, and a maximum sampling rate of 25.6 kHz. Vibration acceleration data were measured using a 

Ronds accelerometer with a measurement range of ±80 g, a frequency range of 0.7ï10,000 Hz, and a 

resonance frequency of approximately 30 kHz. 

Figure 2 presents the hardwareïsoftware system implemented for monitoring irrigation pump 

parameters and diagnosing its technical condition within the framework of developing an information 

system and mathematical models for monitoring and forecasting the load of electric power systems 

based on hybrid technologies. You can see the diagram in the following figure 2. 
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Figure 2 ï Main Sensors and Auxiliary Equipment 

 

The system is built on a modular architecture and consists of the experimental setup, a set of 

sensors, and a computing unit based on the Raspberry Pi 4 platform. The installation is equipped with 

vibration sensors, water flow sensors, as well as current and voltage sensors, enabling simultaneous 

analysis of both the mechanical condition of the equipment and its energy performance characteristics 

[5]. The vibration sensors record mechanical oscillations of the pump unit along three axes, allowing 

the detection of wear, shaft imbalance, and bearing defects. Water flow sensors measure the volume of 

pumped liquid and provide an assessment of system operational efficiency. Current and voltage 

sensors monitor electrical load parameters and form the basis for constructing energy consumption 

forecasting models [6]. 

All data are transmitted in real time to the Raspberry Pi 4, where synchronization, time 

stamping, and preliminary processing are performed. The data are then transferred to a personal 

computer for filtering, normalization, and formation of training datasets. Based on the structured data, 

informative features are extracted in both the time and timeïfrequency domains. Statistical signal 

parameters (mean, standard deviation, skewness, kurtosis, etc.) are calculated, and spectral analysis u 

sing the Fast Fourier Transform (FFT) is performed to determine dominant frequencies and energy 

characteristics [7]. 

The integration of sensor-based monitoring with hybrid mathematical models and machine 

learning algorithms enables not only the diagnosis of the technical condition of pump units but also 

the development of predictive load models for electric power systems, thereby improving reliability, 

energy efficiency, and resilience under non-standard operating conditions. You can see the diagram in 

the following figure 3. 
 

Figure 3 ï Connection Diagram of the Experimental Setup 

 

In the above scheme (Figure 3), the current sensor (Acrel Split-core CT (150/200 A) is used to 

measure the electrical energy consumption of the pumps; the water flow meters (ABDT-LD Compact 

Type Electromagnetic Flowmeter) are used to monitor water discharge; the vibration sensor is used to 

diagnose the mechanical condition of the pump units; the temperature sensor (DS18B20) is used 
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to monitor the temperature of the pump units; and relay modules are used for automatic pump control 

[8]. 

 

The data obtained from the current sensor, flow meters, vibration sensor, and temperature 

sensor serve as input data to the system. The extracted features were used as input parameters for 

machine learning models implemented at the diagnostic and forecasting stages. As a result, the system 

not only classifies the technical condition of the pumps (normal/faulty) but also calculates energy and 

water consumption parameters and evaluates the overall efficiency of the equipment. Thus, 

integrating sensor-based monitoring with intelligent data analysis creates the foundation for the 

development of full-scale predictive maintenance systems in agricultural water technology 

applications. [9-11]. 

As noted above, only one pump bearing was considered as the test object. All data related to 

both healthy and faulty bearing conditions were collected according to a predefined data generation 

plan (as shown in Table 1). 

Experimental data were acquired from the setup using an accelerometer (vibration sensor) and 

signal converters and were locally stored on the Raspberry Pi 4 platform in the form of time series. To 

collect the dataset, four pumps operating under different technical conditions corresponding to the 

most common types of faults were used. 

 
Table 1 ï Main Equipment Characteristics for the Formation of the Diagnostic Dataset 

Condition of Pump Bearing Motor Rotational Speed 

Normal (Healthy) 20 rpm Normal (Healthy) 20 rpm 

Outer Race Fault 10, 20, 30 Outer Race Fault 10, 20, 30 

Inner Race Fault 10, 20, 30 Inner Race Fault 10, 20, 30 

Cage Fault 10, 20, 30 Cage Fault 10, 20, 30 

 

For example, Outer_Race_10 (OR-10) refers to the dataset corresponding to an outer race defect 

collected at a rotational frequency of 10 Hz. The vibration data were recorded using an accelerometer 

mounted on the pump housing. Outer_Race_10 (OR-10) represents a dataset of outer race defects 

obtained at a rotational speed of 10 rpm using vibration data collected from an accelerometer installed 

on the pump casing. Outer_Race_20 (OR-20) represents the dataset collected at 20 rpm. 

Outer_Race_30 (OR-30) represents the dataset collected at 30 rpm. 

DATASET 

In this study, an initial dataset was used, consisting of vibration signals and additional sensor 

measurements describing various technical conditions of the pump units. The dataset structure 

includes faulty operating modes (cage, inner race, and outer race defects at 10%, 20%, and 30%) as 

well as normal operating conditions. For each class, the data were collected in a balanced manner, 

ensuring proper training of machine learning models. The recorded signals were represented as time 

series and segmented into windows containing 1024ï2048 data points. The primary monitoring was 

performed using a vibration sensor, while additional parameters such as current, voltage, temperature, 

and water flow rate were also recorded. On average, approximately 200 samples were collected for 

each class, resulting in a total dataset size of about 2,000 samples. The data obtained from the 

experimental setup are acquired using an accelerometer and signal converters and are locally stored 

on the Raspberry Pi 4 platform in the form of time series. These time-domain signals are subsequently 

converted into .txt format, while the datasets are prepared in .csv format [12-14]. 
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Thus, the initial data were divided into 10 classes, with balanced samples collected for each 

class. Such a structure provided the foundation for subsequent data preprocessing (filtering, 

normalization, segmentation) and the application of machine learning methods (PSOïSVM). Figure 4 

presents the structural diagram of the pump unit diagnostic algorithm. It consists of two main 

modules: the first module is data preparation and classification (SVM), and the second module is 

hyperparameter optimization (PSO). 
DATA  PREPROCESSING AND FEATURE EXTRACTION  

First, the raw signals obtained from the pump units (vibration, current, voltage, water flow, and 

temperature) are processed using tools from the Pandas and Scikit-learn libraries. At this stage, data 

cleaning, normalization, and feature extraction are performed. The dataset is divided into two parts: 

ï training set ï 70%; 

ï test set ï 30%. 

The training set is used to train the SVM model. The main hyperparameters of SVM are the 

regularization coefficient C and the kernel parameter ɔ (gamma). The proper selection of these 

parameters directly affects the overall performance of the model. Hyperparameter Optimization 

Using the PSO Algorithm. Instead of manually selecting the SVM parameters, the PSO (Particle 

Swarm Optimization) algorithm is applied. This evolutionary optimization method is based on the 

collective behavior of a swarm of particles and enables efficient determination of the optimal 

hyperparameter values for the model. 

SVM Training 

1. The optimal parameters found by PSO are used. 

2. The model is trained on the training dataset. 

Model Testing 

ï the classification performance of SVM is evaluated on the test dataset (Accuracy, Precision, 
Recall, F1-score, etc.). In summary, this diagram describes a hybrid PSOïSVM algorithm used to 

diagnose the technical condition of pump units based on sensor data. The SVM method is effective fo 

r small sample sizes and aims to determine the optimal separating hyperplane that maximizes the 
margin between classes. Data points located closest to the separating hyperplane are referred to as 

support vectors [15-18]. For any given set of data points (u1, v1), (u2, v2),..., (un, vn), ⱳὭԜ Ὑὲ are 

considered as inputs, where u and v represent the corresponding data points of the feature vectors, and 

ὺὭԜ(-1,+1) are the outputs for each ui. 
A hyperplane in feature space is defined as: 

Ὢ(ὼ) = άὝί + ὦ = 0 (1) 
where: 

ԜRd - the normal to the hyperplane; bԜR - the bias (bias). 

For linearly separable data: 

ώὭ(άὝὼὭ + ὦ) Ó 1, ԐὭ (2) 

The optimisation problem is to maximise the margin between classes: 
1 

άὭάὭάὭὼὩ ớάớ2 (3) 
subject to: 

ώὭ(άὝὼὭ + ὦ) Ó 1 (4) 

To account for errors (noise in the data), deviation variables ɝi Ó 0 are introduced. The 

optimisation problem then becomes: 

ώὭ(άὝὼὭ + ὦ) җ 1 ҍ ˅Ὥ, ˅ Ὥ җ 0 (6) 

 

ὼὭ(ὸ + 1) = ὼὭ(ὸ) + ὺὭ(ὸ + 1) (7) 
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- - inertial coefficient (tendency towards the current direction); 

- c1, c2 ð cognitive and social coefficients; 

- r1,r2Ԝ[0,1] - random values (providing stochasticity); 

- pi - personal experience (exploration); 

- g - social experience (exploitation). 

PSO-SVM HYBRID  MODEL  

The selection of optimal hyperparameters for the Support Vector Machine (SVM) model is a 

critically important task that directly affects its generalization capability and classification accuracy. 

In particular, the regularization parameter C and the kernel coefficient ɔ in the case of the Radial Basis 

Function (RBF) kernel determine the balance between overfitting and underfitting, as well as the 

shape of the decision boundary in the feature space. Irrelevant or non-informative values of these 

parameters may significantly degrade predictive performance. The most commonly used approach for 

hyperparameter tuning is Grid Search combined with cross-validation. However, this method has 

several substantial drawbacks: it requires exponentially increasing computational resources as the 

dimensionality of the parameter space grows and does not take into account prior information about 

the objective function landscape. Moreover, exhaustive search methods tend to become trapped in 

local extrema, particularly in problems characterized by multiple local minima [19-21]. 

For this reason, in the present study, the Particle Swarm Optimization (PSO) algorithm is 

employed as a global optimization strategy. PSO belongs to the class of metaheuristic methods and 

models the collective intelligence behavior observed in biological populations such as bird flocks or 

fish schools. It has demonstrated high efficiency in solving extremum search problems in 

multidimensional and noisy spaces. Each particle in the swarm represents a possible combination of 

hyperparameters (C,ɔ) and updates its position in the solution space based on both individual 

experience and collective information (the global best solution). The objective function used to 

evaluate the quality of a particleôs position is the average classification accuracy obtained through k-f 

old cross-validation on the training dataset. Thus, the PSO approach provides an adaptive, directed, 

and stochastic evolution of model parameters aimed at globally improving predictive performance. 

The proposed PSOïSVM approach reduces computational complexity compared to exhaustive search 

methods, demonstrates the ability to avoid local minima, and achieves improved classification 

accuracy, making it a preferable tool for intelligent diagnostics of technical systems. 
EVALUATION  METRICS  

To objectively assess the effectiveness of the developed classification model, standard 

evaluation metrics based on the confusion matrix were applied. The confusion matrix is a 

ï K×K table (where K is the number of classes), in which each cell M  represents the number of 

objects that belong to the true class i but were assigned by the model to class j. Based on the confusion 

matrix, the following evaluation metrics are calculated (Table 3): 

Table 3 ï Confusion Matrix 

Actual Class Prediction 

Normal Fault 1 Fault 2 Fault 3 Total 

Normal: (7000) 6520 240 140 100 7000 

Outer Race Fault: (21000) 380 19550 650 420 21000 

Inner Race Fault: (21000) 220 480 19320 980 21000 

Cage Fault: (21000) 150 310 720 19920 21000 

Total 7270 20580 20830 21420 70100 
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RESULTS 

The evaluation results of the PSOïSVM model on the test dataset in terms of Precision, 

Recall, and F1-score are presented in Table 4. 
Table 4 ï Classification Metrics for Each Class 

Class Precision Recall F1-Score Support 

Normal 0.97 1.00 0.98 15 

Outer Race Fault 0.95 0.92 0.93 13 

Inner Race Fault 1.00 1.00 1.00 12 

Cage Fault 0.89 0.85 0.87 20 

Macro average 0.95 0.94 0.94 ï 

Weighted average 0.95 0.95 0.95 60 

 

The high F1-score values across all classes (>0.90) confirm the strong diagnostic capability 

of the developed model in identifying bearing defects of pump units. The achievement of perfect 

Precision and Recall values (1.00) for the Inner Race Fault class indicates the robustness of the 

algorithm to input data variability and its ability to reliably extract discriminative diagnostic 

features associated with this defect type. 
DISCUSSION OF RESULTS 

These results are considered within the broader scientific objective of the development of an 

information system and mathematical models for monitoring and forecasting the load of electric po 

wer systems based on hybrid technologies. In the proposed architecture, the PSOïSVM diagnostic 

module is integrated into an intelligent information platform responsible for data acquisition, 

synchronization, preprocessing, and multimodal sensor data analysis [26]. 

This integrated approach enables a transition from local equipment diagnostics to system-

level analysis, where the technical condition of pump units is treated as a factor influencing the 

energy characteristics and load dynamics of the power system. The combination of hybrid machine 

learning methods with global optimization algorithms establishes a foundation for predictive 

energy consumption models that account for equipment degradation, operational regime 

variations, and stochastic external influences. Thus, the proposed PSOïSVM model fulfills  a dual 

function: 

1. providing high-accuracy fault diagnosis of pump bearings; 

2. forming the informational and analytical basis for load forecasting and operational 

optimization of electric power systems. 

Some experimental data are presented in Figure 6. Figure 13 illustrates time-domain signals: 

sensor 1 corresponds to a healthy bearing, whereas sensor 2 corresponds to a faulty bearing. For the 

healthy bearing, the maximum vibration amplitude reached 0.0035 m/sZ, while for the defective 

bearing it increased to 0.006 m/sZ, reflecting elevated dynamic loads and changes in spectral 

characteristics. [27, 28]. 

In Figure 12, the horizontal axis represents the time index corresponding to discrete signal 

samples, while the vertical axis shows normalized vibration amplitude values. The absence of 

pronounced impulsive peaks and the statistical stability of the signal within the range of ï0.5 to 

+0.9 indicate normal operating conditions. In contrast, defective conditions are characterized by 

increased amplitudes and impulsive components typical of contact surface damage [29]. 

Overall, the obtained results demonstrate that the hybrid PSOïSVM architecture is an 

effective tool for intelligent diagnostics and can be scaled within an integrated information system 

for monitoring and forecasting the load of electric power systems. You can see the diagram in the 

following figure 4. 
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Figure 4 ï Vibration Data from Sensor 1 (Raw Signal of the Operating Pump) 

 

The presented data illustrate the time-domain vibration signal of a defective bearing. As 

shown in Figures 5 and 6, the maximum amplitude for a healthy bearing reaches 0.0035 m/sZ, 

whereas in the presence of a defect the amplitude increases to 0.006 m/sZ, indicating elevated 

dynamic loads and altered energy characteristics of the unit. In Figure 13, the horizontal axis 

represents the time index corresponding to discrete signal samples, while the vertical axis shows 

normalized vibration amplitude values. In contrast to the signal under normal operating conditions, 

this waveform exhibits increased irregularity, pronounced local impulsive peaks, and anomalous 

fluctuations, which indicate degradation of the bearing contact surfaces. These results are 

considered within the broader scientific and technical objective of the development of an 

information system and mathematical models for monitoring and forecasting the load of electric po 

wer systems based on hybrid technologies. In the proposed architecture, sensor dataðincluding 

vibration, current, voltage, temperature, and water flowðare integrated into a unified intelligent 

information platform where advanced data processing is performed using hybrid machine learning 

and optimization algorithms [30]. 

Thus, vibration-based diagnostic analysis not only enables the detection of bearing defects 

but also provides the informational foundation for forecasting variations in the electrical load of 

pump units. This approach makes it possible to account for the influence of equipment technical 

condition on energy consumption parameters and to enhance the accuracy of load prediction 

models in electric power systems. You can see the diagram in the following figure 5. 
 

Figure 5 ï Vibration Data from Sensor 2 (Faulty Pump) 

 

Pronounced impulsive oscillations are clearly observed, indicating impact interactions 

between the rolling elements and the damaged sections of the bearing ring. In certain regions, the 

amplitude values reach critical levels, and the signal structure loses its uniformity and statistical 

stability. Such signal characteristics are typical of developing defects, such as outer race or cage da 

mage, and confirm the presence of mechanical faults. This signal was used during the training and 

testing phases of the diagnostic model, which enhanced its capability to detect defective conditions 



195  

at early stages of fault development. After the filtering procedure, the obtained signals are 

subjected to standardization. The standardization process of vibration signals acquired from 
 

sensors (Sensor 1 and Sensor 2) is presented in the following figure. As shown in the graphs, the 

standardized signals preserve the shape and dynamic behavior of the original oscillations; 

however, they are scaled so that their values predominantly fall within the range from ï2 to +3 

(Figures 6 and 7). 
Figure 6 ï Standardization of Sensor 1 Data 

 

Figure 7 ï Standardization of Sensor 2 Data 

 

The preprocessing stages include filtering, handling missing values, feature extraction, 

normalization, scaling, and selection of an optimal subset of features. The presented signal 

represents the raw data directly acquired from the sensor and contains short-term fluctuations 

reflecting dynamic system vibrations, as well as possible variations in current or pressure [6]. 

Long-term gradual changes are described by the trend component of the time series. In the 

considered case, a decreasing trend is observed (after mid-February 2025), followed by partial 

recovery and subsequent stabilization. This behavior may indicate a gradual change in the 

technical condition of the pump system (e.g., progressive wear or variations in hydraulic 

parameters). You can see the diagram in the following figure 8. 
 

Figure 8 ï ñIK Monitoringò 


