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ɺʉʊʋʇ 
 

ʇʨʦʙʣʝʤʘ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʻ ʦʜʥʽʻʶ ʟ ʥʘʡʨʝʣʝʚʘʥʪʥʽʰʠʭ ʥʘ 

ʩʴʦʛʦʜʥʽʰʥʽʡ ʜʝʥʴ. ɺʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʽʥʜʫʩʪʨʽʡ, ʚʽʜ ʘʚʪʦʥʦʤʥʠʭ ʪʨʘʥʩʧʦʨʪʥʠʭ 

ʟʘʩʦʙʽʚ ʜʦ ʤʝʜʠʯʥʦʾ ʽʥʜʫʩʪʨʽʾ ʧʦʪʨʝʙʫʶʪʴ ʥʝ ʣʠʰʝ ʧʨʘʚʠʣʴʥʦ ʾʢʣʘʩʠʬʽʢʘʮʽ ʾʮʽʣʴʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʯʠ ʧʨʠʙʣʠʟʥʦʛʦ ʚʠʟʥʘʯʝʥʥʷ ʧʦʣʦʞʝʥʥʷ ʧʝʚʥʦʛʦ ʦʙôʻʢʪʫ ʥʘ ʥʴʦʤʫ, ʘ ʧʦ-

ʧʽʢʩʝʣʴʥʦ ʧʨʘʚʠʣʴʥʦʛʦ ʚʠʟʥʘʯʝʥʥʷ ʛʨʘʥʠʮʴ ʮʠʭ ʦʙôʻʢʪʽʚ.  

ɼʦʩʷʛʥʫʪʠ ʧʦʪʨʽʙʥʠʭ ʨʝʟʫʣʴʪʘʪʽʚ ʜʣʷ ʜʘʥʦʾ ʧʨʦʙʣʝʤʠ ʜʦʟʚʦʣʠʣʠ ʩʫʯʘʩʥʽ 

ʤʝʨʝʞʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʦʩʦʙʣʠʚʦ ʛʣʠʙʦʢʽ ʟʛʦʨʪʢʦʚʽ ʤʝʨʝʞʽ, ʱʦ ʥʘ ʧʦʯʘʪʢʫ 

2010-ʭ ʨʦʢʽʚ ʧʦʚʥʽʩʪʶ ʟʤʽʥʠʣʠ ʧʽʜʭʽʜ ʜʦ ʧʨʦʙʣʝʤʠ ʷʢ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ, ʪʘʢ ʽ 

ʜʦ ʫʩʽʭ ʽʥʰʠʭ ʧʨʦʙʣʝʤ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ. ɯʥʜʫʩʪʨʽʷ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʪʘ 

ʟʦʢʨʝʤʘ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʚʩʝ ʱʝ ʜʫʞʝ ʘʢʪʠʚʥʘ ʽ ʟʤʽʥʶʻʪʴʩʷ ʥʝʡʤʦʚʽʨʥʦ 

ʰʚʠʜʢʦ. ʃʠʰʝ 16-ʛʦ ʪʨʘʚʥʷ 2021 ʨʦʢʫ ʙʫʣʘ ʦʧʫʙʣʽʢʦʚʘʥʘ ʥʦʚʘ state-of-the-art 

ʤʝʨʝʞʘ, ʷʢʘ ʚʞʝ ʚʩʪʘʥʦʚʠʣʘ ʢʽʣʴʢʘ ʥʦʚʠʭ ʨʝʢʦʨʜʽʚ.  
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ɸʥʦʪʘʮʽʷ 

ʈʦʙʦʪʫ ʧʨʠʩʚʷʯʝʥʦ ʜʦʩʣʽʜʞʝʥʥʁ ʧʨʦʙʣʝʤʠ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ, ʟʦʢʨʝʤʘ ʫ 

ʢʦʥʪʝʢʩʪʽ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʪʘ ʛʣʠʙʦʢʠʭ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ, ʘʥʘʣʽʟʫ ʩʢʣʘʜʦʚʠʭ 

ʛʣʠʙʦʢʠʭ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ, backbone ʤʝʨʝʞ ʪʘ ʽʤʧʣʝʤʝʥʪʘʮʽʡ ʜʣʷ ʩʝʛʤʝʥʪʘʮʽʾ 

ʟʦʙʨʘʞʝʥʴ. ʅʘ ʦʩʥʦʚʽ ʜʦʩʣʽʜʞʝʥʴ ʙʫʣʦ ʨʦʟʨʦʙʣʝʥʦ ʜʚʽ ʟʛʦʨʪʢʦʚʽ ʤʝʨʝʞʽ, ʟ backbone 

ʤʝʨʝʞʝʶ ʪʘ ʙʝʟ, ʧʦʨʽʚʥʷʥʦ ʾʭ ʪʦʯʥʽʩʪʴ ʪʘ ʰʚʠʜʢʽʩʪʴ.   
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ʈʆɿɼɯʃ 1: ʇʨʦʙʣʝʤʘ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ 
 

1.1 ɸʥʘʣʽʟ ʧʨʦʙʣʝʤʠ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ 

ʉʝʛʤʝʥʪʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ï ʮʝ ʟʘʜʘʯʘ ʟʽ ʩʬʝʨʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʮʽʣʴ ʷʢʦʾ 

ʧʝʨʝʪʚʦʨʠʪʠ ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʧʝʚʥʫ ʢʽʣʴʢʽʩʪʴ ʤʘʩʦʢ, ʱʦ ʧʦʟʥʘʯʘʶʪʴ ʛʨʘʥʠʮʽ 

ʦʙôʻʢʪʽʚ. ɭ ʜʚʘ ʦʩʥʦʚʥʠʭ ʪʠʧʠ ʩʝʛʤʝʥʪʘʮʽʾ: ʩʝʤʘʥʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ, ʦʙôʻʢʪʥʘ 

ʩʝʛʤʝʥʪʘʮʽʷ ʪʘ ʧʘʥʦʧʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ (semantic segmentation, instance 

segmentation, panoptic segmentation).  

 

ʉʝʤʘʥʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʨʦʟʜʽʣʷʻ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʢʣʘʩʠ, ʘʣʝ ʥʝ ʨʦʟʨʽʟʥʷʻ ʤʽʞ 

ʨʽʟʥʠʤʠ ʦʙôʻʢʪʘʤʠ ʱʦ ʥʘʣʝʞʘʪʴ ʦʜʥʦʤʫ ʢʣʘʩʫ. ʆʙôʻʢʪʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʚʠʷʚʣʷʻ 

ʦʙôʻʢʪʠ ʥʘ ʟʦʙʨʘʞʝʥʥʽ ʪʘ ʢʣʘʩʠʬʽʢʫʻ ʾʭ. ʇʘʥʦʧʪʠʯʥʘ ʩʝʛʤʝʥʪʘʮʽʷ ʧʦʻʜʥʫʻ ʦʙʠʜʚʽ 

ʧʦʧʝʨʝʜʥʽ, ʩʪʚʦʨʶʶʯʠ ʧʦʚʥʽʩʪʶ ʩʝʛʤʝʥʪʦʚʘʥʝ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʷʢʦʤʫ ʦʢʨʝʤʦ 

ʚʠʜʽʣʝʥʦ ʢʦʞʥʠʡ ʦʙôʻʢʪ. 

ʉʝʛʤʝʥʪʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʫ ʙʘʛʘʪʴʦʭ ʩʫʯʘʩʥʠʭ ʽʥʜʫʩʪʨʽʷʭ, 

ʟʦʢʨʝʤʘ ʫ: 

¶ ɸʚʪʦʥʦʤʥʦʤʫ ʪʨʘʥʩʧʦʨʪʽ 

 

ʈʠʩʫʥʦʢ 1, ʧʨʠʢʣʘʜ ʩʝʤʥʘʥʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ, ʩʝʛʤʝʥʪʘʮʽʾ ʦʙ'ʻʢʪʽʚ ʪʘ ʧʘʥʦʧʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ 
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¶ ʄʝʜʠʮʠʥʽ 

¶ ɸʥʘʣʽʟʽ ʩʫʧʫʪʥʠʢʦʚʠʭ ʜʘʥʠʭ 

¶ ʂʦʥʪʨʦʣʴ ʷʢʦʩʪʽ ʥʘ ʟʘʚʦʜʘʭ 

ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʙʘʛʘʪʴʦʭ ʽʥʰʠʭ ʧʨʦʙʣʝʤ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʷʢ, ʥʘʧʨʠʢʣʘʜ, 

ʢʣʘʩʠʬʽʢʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ʯʠ ʚʠʷʚʣʝʥʥʷ ʦʙôʻʢʪʽʚ (object detection), ʩʝʛʤʝʥʪʘʮʽʷ 

ʟʦʙʨʘʞʝʥʴ ʧʦʪʨʝʙʫʻ ʢʣʘʩʠʬʽʢʘʮʽʾ ʢʦʞʥʦʛʦ ʧʽʢʩʝʣʷ ʟʦʙʨʘʞʝʥʥʷ. ʏʝʨʝʟ ʮʝ ʡ ʘʥʦʪʘʮʽʾ 

ʥʘ ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘʥʠʭ ʮʝ ʥʝ ʧʨʦʩʪʦ ʦʜʠʥ ʢʣʘʩ ʯʠ ʧʨʠʙʣʠʟʥʽ ʢʦʦʨʜʠʥʘʪʠ 

ʧʨʷʤʦʢʫʪʥʠʢʘ ʥʘʚʢʦʣʦ ʦʙôʻʢʪʫ, ʘ ʯʽʪʢʦ ʚʠʟʥʘʯʝʥʘ ʛʨʫʧʘ ʨʝʛʽʦʥʽʚ.  

 

1.2 ʈʽʰʝʥʥʷ ʧʨʦʙʣʝʤʠ ʩʝʛʤʝʥʪʘʮʽʾ ʙʝʟ ʛʣʠʙʦʢʦʛʦ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ 

 ʄʘʰʠʥʥʝ ʥʘʚʯʘʥʥʷ ʮʝ ʜʫʞʝ ʧʦʪʫʞʥʘ ʪʝʭʥʦʣʦʛʽʷ, ʟʜʘʪʥʘ ʚʠʨʽʰʫʚʘʪʠ ʚʝʣʠʢʠʡ 

ʚʽʜʩʦʪʦʢ ʟʘʜʘʯ ʥʝ ʪʽʣʴʢʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ, ʷ ʽ ʢʦʤʧôʶʪʝʨʥʦʾ ʥʘʫʢʠ ʟʘʛʘʣʦʤ. ɸʣʝ 

ʥʝ ʢʦʞʥʘ ʟʘʜʘʯʘ ʚʘʨʪʘ ʩʪʚʦʨʝʥʥʷ ʥʝʡʨʦʥʥʦʾ ʤʝʨʝʞʽ ʯʠ ʙʫʜʴ ʷʢʦʛʦ ʽʥʰʦʛʦ ʨʽʰʝʥʥʷ 

ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ. ɼʫʞʝ ʯʘʩʪʦ ʟʘʜʘʯʘ ʤʦʞʝ ʙʫʪʠ ʚʠʨʽʰʝʥʘ ʧʨʦʩʪʠʤ 

ʘʣʛʦʨʠʪʤʦʤ, ʷʢʠʡ ʧʨʦʩʪʽʰʝ ʥʘʧʠʩʘʪʠ, ʧʨʦʩʪʽʰʝ ʧʽʜʪʨʠʤʫʚʘʪʠ ʜʦʚʛʠʡ ʯʘʩ ʪʘ ʷʢʠʡ 

ʙʫʜʝ ʧʨʘʮʶʚʘʪʠ ʥʘ ʢʽʣʴʢʘ ʧʦʨʷʜʢʽʚ ʰʚʠʜʰʝ ʧʨʘʮʶʚʘʪʠ. ʏʝʨʝʟ ʮʝ ʤʘʻ ʩʝʥʩ ʭʦʯʘ ʙ 

ʰʚʠʜʢʦ ʨʦʟʛʣʷʥʫʪʠ ʚʘʨʽʘʥʪʠ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʙʝʟ ʽʥʩʪʨʫʤʝʥʪʽʚ ʤʘʰʠʥʥʦʛʦ 

ʥʘʚʯʘʥʥʷ. 
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1.2.1 ʉʝʛʤʝʥʪʘʮʽʷ ʥʘ ʦʩʥʦʚʽ ʨʝʛʽʦʥʽʚ 

   ɯʜʝʷ ʮʴʦʛʦ ʘʣʛʦʨʠʪʤʫ ʧʦʣʷʛʘʻ ʚ ʢʦʥʚʝʨʪʘʮʽʾ ʢʦʣʴʦʨʦʚʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʥʘ 

grayscale, ʧʽʩʣʷ ʯʦʛʦ ʟʘʜʘʻʪʴʩʷ ʧʦʨʽʛ, ʫʩʽ ʧʽʢʩʝʣʽ ʱʦ ʤʘʶʪʴ ʟʥʘʯʝʥʥʷ ʤʝʥʰʝ ʟʘ 

ʟʘʜʘʥʠʡ ʧʦʨʽʛ ʢʣʘʩʠʬʽʢʫʶʪʴʩʷ ʷʢ ʧʝʨʰʠʡ ʢʣʘʩ, ʫʩʽ ʱʦ ʤʘʶʪʴ ʚʠʱʝ ʟʥʘʯʝʥʥʷ ï ʷʢ 

ʜʨʫʛʠʡ. ʊʘʢʠʤ ʯʠʥʦʤ ʜʫʞʝ ʧʨʦʩʪʦ, ʥʘʧʨʠʢʣʘʜ, ʧʦʜʽʣʠʪʠ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʬʦʥʦʚʠʡ 

ʧʣʘʥ ʪʘ ʧʝʨʝʜʥʽʡ ʧʣʘʥ, ʘʙʦ ʷʢʱʦ ʰʫʢʘʥʽ ʦʙôʻʢʪʠ ʜʦʙʨʝ ʢʦʥʪʨʘʩʪʫʶʪʴ ʚ ʧʦʨʽʚʥʷʥʥʽ ʟ 

ʽʥʰʠʤ ʥʘʧʦʚʥʝʥʥʷʤ ʟʦʙʨʘʞʝʥʥʷ, ʘʙʦ ʥʘʚʧʘʢʠ. ʇʦʨʽʛ ʤʦʞʝ ʙʫʪʠ ʚʩʪʘʥʦʚʣʝʥʠʡ 

ʚʨʫʯʥʫ, ʘʙʦ ʚʠʟʥʘʯʝʥʠʡ ʧʦ ʛʽʩʪʦʛʨʘʤʽ ʟʦʙʨʘʞʝʥʥʷ ʘʚʪʦʤʘʪʠʯʥʦ. ʗʢʱʦ ʩʝʨʝʜʠʥʘ 

ʛʽʩʪʦʛʨʘʤʠ ʤʘʻ ʯʽʪʢʦ ʚʠʨʘʞʝʥʠʡ ʣʦʢʘʣʴʥʠʡ ʤʽʥʽʤʫʤ, ʮʝ ʤʘʡʞʝ ʛʘʨʘʥʪʦʚʘʥʦ 

ʥʘʡʢʨʘʱʠʡ ʧʦʨʽʛ ʜʣʷ ʧʦʜʽʣʫ. 

 ɸʣʴʪʝʨʥʘʪʠʚʥʦ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʘʪʠ ʙʽʣʴʰʝ ʦʜʥʦʛʦ ʧʦʨʦʛʫ, ʷʢʱʦ ʻ 

ʥʝʦʙʭʽʜʥʽʩʪʴ ʧʦʜʽʣʠʪʠ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʙʽʣʴʰʝ ʥʽʞ ʜʚʘ ʢʣʘʩʠ 

 

1.2.2 ʉʝʛʤʝʥʪʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ʟʘ ʜʦʧʦʤʦʛʦʶ ʢʣʘʩʪʝʨʠʟʘʮʽʾ k-means 

 ɸʣʛʦʨʠʪʤ ʢʣʘʩʪʝʨʠʟʘʮʽʾ - ʮʝ ʱʝ ʦʜʠʥ ʤʝʪʦʜ ʰʚʠʜʢʦʾ ʩʝʛʤʝʥʪʘʮʽʾ. ɺʽʥ 

ʚʽʜʥʦʩʠʪʴʩʷ ʜʦ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, ʧʨʦʪʝ ʚ ʙʘʛʘʪʦ ʨʘʟʽʚ ʧʨʦʩʪʽʰʠʡ ʟʘ ʛʣʠʙʦʢʝ 

ʥʘʚʯʘʥʥʷ. ɼʦ ʪʦʛʦ ʞ ʮʝʡ ʘʣʛʦʨʠʪʤ ʥʝ ʧʦʪʨʝʙʫʻ ʢʣʘʩʠʬʽʢʘʮʽʾ ʚʭʽʜʥʠʭ ʜʘʥʠʭ, ʱʦ 

ʨʦʙʠʪʴ ʛʝʥʝʨʘʮʽʶ ʚʝʣʠʢʦʛʦ ʜʘʪʘʩʝʪʫ ʥʘʙʘʛʘʪʦ ʧʨʦʩʪʽʰʝ.  

ʈʠʩʫʥʦʢ 2, graysclale ʟʦʙʨʘʞʝʥʥʷ, ʜʽʣʝʥʥʷ ʦʜʥʠʤ ʧʦʨʦʛʤ, ʜʽʣʝʥʥʷ ʢʽʣʴʢʦʤʘ ʧʦʨʦʛʘʤʠ 
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 ɸʣʛʦʨʠʪʤ ʧʦʣʷʛʘʻ ʫ ʚʠʧʘʜʢʦʚʦʤʫ ʦʙʨʘʥʥʽ ʧʝʚʥʦʛʦ ʯʠʩʣʘ ʷʜʝʨ, ʧʽʩʣʷ ʯʦʛʦ 

ʧʨʦʚʦʜʠʪʩʷ ʦʮʽʥʢʘ ʜʣʷ ʢʦʞʥʦʛʦ ʟ ʧʽʢʩʝʣʽʚ, ʷʢʝ ʟ ʷʜʝʨ ʥʘ ʥʴʦʛʦ ʩʭʦʞʝ ʥʘʡʙʽʣʴʰʝ. 

ʇʽʢʩʝʣʽ ʛʨʫʧʫʶʪʴʩʷ ʚʽʜʧʦʚʽʜʥʦ ʜʦ ʩʚʦʾʭ ʥʘʡʢʨʘʱʠʭ ʢʘʥʜʠʜʘʪʽʚ. ʇʽʩʣʷ ʮʴʦʛʦ 

ʦʙʠʨʘʶʪʴʩʷ ʥʦʚʽ ʷʜʨʘ, ʱʦ ʣʝʞʘʪʴ ʚ ʮʝʥʪʨʽ ʦʙʨʘʥʠʭ ʥʘ ʧʦʧʝʨʝʜʥʴʦʤʫ ʢʨʦʮʽ ʷʜʝʨ. 

ʇʨʦʮʝ ʧʦʚʪʦʨʫʻʪʴʩʷ ʜʦʢʠ ʥʝ ʙʫʜʝ ʮʠʢʣʫ, ʥʘ ʷʢʦʤʫ ʞʦʜʥʠʡ ʟ ʧʽʢʩʝʣʽʚ ʥʝ ʟʤʽʥʠʚ 

ʢʣʘʩʫ. 

  ʎʝʡ ʘʣʛʦʨʠʪʤ ʪʨʦʭʠ ʩʢʣʘʜʥʽʰʠʡ ʟʘ ʧʦʧʝʨʝʜʥʽʡ ʷʢ ʚ ʨʝʘʣʽʟʘʮʽʾ ʪʘʢ ʽ ʚ ʯʘʩʽ, ʷʢʠʡ 

ʧʦʪʨʽʙʝʥ ʜʣʷ ʡʦʛʦ ʚʠʢʦʥʘʥʥʷ. ʇʨʦʪʝ ʚʝʣʠʢʠʤ ʧʣʶʩʦʤ ʧʦʨʽʚʥʷʥʦ ʟ  

 

  

ʈʠʩʫʥʦʢ 3, ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ (ʟʣʽʚʘ) ʪʘ ʨʝʟʫʣʴʪʫʶʯʽ ʢʣʘʩʪʝʨʠ (ʩʧʨʘʚʘ) 
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ʈʆɿɼɯʃ 2: ɿʛʦʨʪʢʦʚ ̔ʥʝʡʨʦʥʥ ̔ʤʝʨʝʞʽ (Convolutional neural 

networks), ʽʥʩʪʨʫʤʝʥʪʠ ʪʘ ʤʝʪʦʜʠʢʠ ʾʭ ʨʦʟʨʦʙʢʠ 
 

2.1 ʉʪʨʫʢʪʫʨʘ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ 

ʊʨʘʜʠʮʽʡʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ï ʪʘʢ ʟʚʘʥʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ ʧʨʷʤʦʛʦ ʧʦʰʠʨʝʥʥʷ 

(feed forward) ï ʜʫʞʝ ʥʝʻʬʬʝʢʪʠʚʥʦ ʧʨʘʮʶʶʪʴ ʟ ʟʦʙʨʘʞʝʥʥʷʤʠ. ʐʘʨʠ ʪʘʢʦʾ ʤʝʨʝʞʽ 

ʪʽʩʥʦ ʧʦʚôʷʟʘʥʽ ï ʪʦʙʪʦ ʢʦʞʥʠʡ ʥʝʡʨʦʥ ʩʣʦʶ ki ʧʦʚôʷʟʘʥʠʡ ʟ ʢʦʞʥʠʤ ʥʝʡʨʦʥʦʤ ʩʣʦʶ 

ki+1 ï ʽ ʦʩʢʽʣʴʢʠ ʟʦʙʨʘʞʝʥʥʷ ʤʘʻ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʥʝʡʨʦʥʽʚ ʥʘ ʚʭʽʜʥʦʤʫ ʰʘʨʫ, 

ʢʽʣʴʢʽʩʪʴ ʪʨʝʥʦʚʘʥʠʭ ʧʘʨʘʤʝʪʨʽʚ ʜʫʞʝ ʰʚʠʜʢʦ ʟʨʦʩʪʘʻ. ʅʘʚʽʪʴ ʜʣʷ ʜʫʞʝ ʤʘʣʠʭ ʟʘ 

ʨʦʟʤʽʨʦʤ ʟʦʙʨʘʞʝʥʴ ʜʘʪʘʩʝʪʫ Fashion MNIST[1], ʱʦ ʤʘʶʪʴ ʨʦʟʤʽʨ 28x28x1, feed 

forward ʤʝʨʝʞʘ ʟ ʫʩʴʦʛʦ ʣʠʰʝ ʜʚʦʤʘ ʧʨʠʭʦʚʘʥʠʤʠ ʰʘʨʘʤʠ ʤʦʞʝ ʤʘʪʠ ʙʣʠʟʴʢʦ 

ʧʽʚʤʽʣʴʡʦʥʘ ʪʨʝʥʦʚʘʥʠʭ ʧʘʨʘʤʝʪʨʽʚ.  

ɼʦ ʪʦʛʦ ʞ ʟʘʟʚʠʯʘʡ ʟʘʜʘʯʽ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʚʠʤʘʛʘʶʪʴ ʚʽʜ ʤʝʨʝʞʽ 

ʨʦʟʫʤʽʥʥʷ ʧʨʦʩʪʦʨʦʚʦʛʦ ʪʘ ʯʘʩʦʚʦʛʦ ʢʦʥʪʝʢʩʪʫ, ʥʘʢʰʪʘʣʪ ʪʦʛʦ, ʷʢ ʮʝ ʨʦʙʠʪʴ 

ʣʶʜʩʴʢʠʡ ʤʦʟʦʢ. 

ɼʣʷ ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤ ʮʴʦʛʦ ʪʠʧʫ ʟʘʟʚʠʯʘʡ ʧʨʠʡʥʷʪʦ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ 

ʟʛʦʨʪʢʦʚʽ ʥʝʡʨʦʥʥʽ ʤʝʨʝʞʽ (Convolutional neural networks ʘʙʦ CNN). ɺʽʜ feed forward 

ʤʝʨʝʞ ʚʦʥʠ ʚʽʜʨʽʟʥʷʶʪɹ ʩʷ ʥʘʷʚʥʽʩʪʶ ʟʛʦʨʪʢʦʚʠʭ, ʘʙʦ ʢʦʥʚʦʣʶʮʽʡʥʠʭ ʰʘʨʽʚ, ʽʥʢʦʣʠ 

ʦʜʥʦʛʦ ʘʣʝ ʟʘʟʚʠʯʘʡ ʙʘʛʘʪʴʦʭ. ʋ ʙʽʣʴʰʦʩʪʽ ʘʨʭʽʪʝʢʪʫʨ ʢʦʥʚʦʣʶʮʽʡʥʽ ʰʘʨʠ 

ʩʫʧʨʦʚʦʜʞʫʶʪʴʩʷ ʘʛʨʝʛʫʚʘʣʴʥʠʤ ʰʘʨʦʤ. ʂʽʥʮʝʚʠʤ ʰʘʨʦʤ ʤʝʨʝʞʽ ʟʘʟʚʠʯʘʡ ʻ ʦʜʠʥ 

ʧʦʚʥʦʟôʻʜʥʘʥʠʡ ʰʘʨ. ʂʨʽʤ ʪʦʛʦ ʤʘʡʞʝ ʟʘʚʞʜʠ CNN ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʚʠʢʣʶʯʝʥʥʷ, 

ʥʦʨʤʘʣʽʟʘʮʽʶ ʪʘ ʰʪʫʯʥʽ ʜʘʥʽ. 

ɺʘʨʪʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʥʘ ʧʦʯʘʪʢʫ 2020-ʭ ʨʦʢʽʚ ʟôʷʚʠʣʘʩʴ ʜʫʞʝ ʧʝʨʩʧʝʢʪʠʚʥʘ 

ʘʣʴʪʝʨʥʘʪʠʚʘ ʟʛʦʨʪʢʦʚʠʤ ʤʝʨʝʞʘʤ ʫ ʚʠʛʣʷʜʽ ʪʨʘʥʩʬʦʨʤʝʨʽʚ, ʧʨʦʪʝ ʥʘ ʜʘʥʠʡ ʤʦʤʝʥʪ 

CNN ʚʩʝ ʱʝ ʤʘʶʪʴ ʢʨʘʱʽ ʧʦʢʘʟʥʠʢʠ. 
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2.2 ʂʦʥʚʦʣʶʮʽʷ 

ʐʘʨ ʢʦʥʚʦʣʶʮʽʾ ʟʘʩʪʦʩʦʚʫʻ ʧʝʚʥʦʛʦ ʨʦʟʤʽʨʫ ʬʽʣʴʪʨ ʜʦ ʚʭʽʜʥʦʛʦ ʰʘʨʫ. ʅʘ 

ʢʦʞʥʦʤʫ ʢʨʦʮʽ ʦʙʠʨʘʻʪʴʩʷ ʥʘʩʪʫʧʥʝ çʚʽʢʥʦè ʟʦʙʨʘʞʝʥʥʷ, ʚʠʢʦʥʫʻʪʴʩʷ ʦʧʝʨʘʮʽ ̫

ʤʥʦʞʝʥʥʷ ʤʘʪʨʠʮʴ ʤʽʞ ʥʠʤ ʪʘ ʝʣʝʤʝʥʪʘʤʠ ʬʽʣʴʪʨʫ, ʚ ʨʝʟʫʣʴʪʘʪʽ ʧʦʚʝʨʪʘʻʪʴʩʷ 

ʟʥʘʯʝʥʥʷ ʜʣʷ ʦʜʥʦʛʦ ʧʽʢʩʝʣʶ ʚʠʭʽʜʥʦʛʦ ʰʘʨʫ. ʎʽʣʴ ʢʦʥʚʦʣʶʮʽʾ ï ʧʝʨʝʪʚʦʨʠʪʠ 

ʚʭʽʜʥʝ ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʤʘʩʠʚ ʤʘʧʠ ʦʟʥʘʢ (feature map), ʥʘʜʘʪʠ ʪʨʝʥʫʚʘʙʝʣʴʥʽ ʬʽʣʴʪʨʠ, 

ʷʢʽ ʧʽʩʣʷ ʪʨʝʥʫʚʘʥʥʷ ʤʦʞʫʪʴ ʚʠʪʷʛʘʪʠ ʢʦʥʪʝʢʩʪʫʘʣʴʥʽ ʦʟʥʘʢʠ ʟʦʙʨʘʞʝʥʴ. ʗʢʱʦ 

ʚʭʽʜʥʘ ʤʘʪʨʠʮʷ ʮʝ ʦʨʠʛʽʥʘʣʴʥʝ ʟʦʙʨʘʞʝʥʥʷ, ʪʦ ʪʘʢʠʤʠ ʬʽʣʴʪʨʘʤʠ ʤʦʞʫʪʴ ʙʫʪʠ ʢʨʘʾ 

ʟʦʙʨʘʞʝʥʥʷ, ʧʣʷʤʠ ʢʦʣʴʦʨʫ, ʪʦʱʦ. ʗʢʱʦ ʞ ʚʭʽʜʥʘ ʤʘʪʨʠʮʷ ï ʚʠʭʽʜʥʠʡ ʨʝʟʫʣʴʪʘʪ 

ʦʜʥʦʾ ʟ ʧʦʧʝʨʝʜʥʽʭ ʢʦʥʚʦʣʶʮʽʡʥʠʭ ʛʨʫʧ (ʰʘʨ ʢʦʥʚʦʣʶʮʽʾ ʨʘʟʦʤ ʟ ʘʛʨʝʛʫʚʘʣʴʥʠʤ 

ʰʘʨʦʤ ʪʘ ʰʘʨʦʤ-ʘʢʪʠʚʘʪʦʨʦʤ), ʪʦ ʬʽʣʴʪʨʠ ʙʫʜʫʪʴ ʧʨʝʜʩʪʘʚʣʷʪʠ ʙʽʣʴʰʝ ʩʢʣʘʜʥʽ 

ʝʣʝʤʝʥʪʠ, ʥʘʧʨʠʢʣʘʜ ʧʝʚʥʽ ʛʝʦʤʝʪʨʠʯʥʽ ʬʽʛʫʨʠ. ʎʝʡ ʰʘʨ ʤʘʣʦ ʢʦʣʠ ʟʤʽʥʶʻ ʧʝʨʰʽ 

ʜʚʘ ʚʠʤʽʨʠ ʚʭʽʜʥʦʛʦ ʰʘʨʫ ʥʘ ʚʠʭʦʜʽ, ʧʨʦʪʝ ʯʘʩʪʦ ʟʙʽʣʴʰʫʻ ʨʦʟʤʽʨ ʰʘʨʫ ʚʛʣʠʙ, 

ʩʪʚʦʨʶʶʯʠ ʙʘʛʘʪʦ ʥʦʚʠʭ ʬʽʣʴʪʨʽʚ. ʂʦʥʚʦʣʶʮʽʷ ʤʘʻ ʨʽʟʥʠʡ ʝʬʝʢʪ ʚ ʟʘʣʝʞʥʦʩʪʽ ʚʽʜ 

ʢʽʣʴʢʦʭ ʧʘʨʘʤʝʪʨʽʚ: 

¶ ʈʦʟʤʽʨ ʷʜʨʘ ï ʚʧʣʠʚʘʻ ʥʘ ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ ʷʢʽ ʟʘʜʘʚʘʪʠʤʫʪʴ ʚʠʭʽʜʥʝ 

ʟʥʘʯʝʥʥʷ. ʏʠʤ ʮʝʡ ʨʦʟʤʽʨ ʙʽʣʴʰʠʡ, ʪʠʤ ʙʽʣʴʰʠʤʠ ʙʫʜʫʪʴ 

ʧʨʦʘʥʘʣʽʟʦʚʘʥʽ ʝʣʝʤʝʥʪʠ ʟʦʙʨʘʞʝʥʥʷ. ʉʪʘʥʜʘʨʪʥʠʡ ʨʦʟʤʽʨ ï 3x3 

¶ ʂʨʦʢ (stride) ï ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ ʥʘ ʷʢʝ ʟʩʫʚʘʻʪʴʩʷ ʚʽʢʥʦ ʥʘ ʢʦʞʥʦʤʫ 

ʢʨʦʮʽ. ɿʘʟʚʠʯʘʡ ʤʘʻ ʟʥʘʯʝʥʥʷ ç1è ʘʙʠ ʦʪʨʠʤʘʪʠ ʷʢʦʤʦʛʘ ʙʽʣʴʰʝ ʦʟʥʘʢ 

ʈʠʩʫʥʦʢ 4, ʧʨʠʢʣʘʜʠ ʬʽʣʴʪʨʽʚ ʧʽʩʣʷ ʧʝʨʰʦʛʦ ʰʘʨʫ Conv2d ʚ AlexNet 
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(features) ʟ ʟʦʙʨʘʞʝʥʥʷ, ʧʨʦʪʝ ʚ ʜʝʷʢʠʭ ʩʠʪʫʘʮʽʷʭ ʤʦʞʝ ʙʫʪʠ ʧʽʜʚʠʱʝʥʝ 

ʘʙʠ ʧʨʠʰʚʠʜʰʠʪʠ ʚʠʢʦʥʘʥʥʷ ʢʦʥʚʦʣʶʮʽʾ. 

¶ Padding ï ʟʘʟʚʠʯʘʡ padding ï ʮʝ ʜʦʜʘʪʢʦʚʽ ʧʽʢʩʝʣʽ, ʷʢʽ ʜʦʜʘʻ 

ʢʦʥʚʫʣʷʮʽʡʥʠʡ ʰʘʨ, ʱʦʙ ʟʙʝʨʝʛʪʠ ʨʦʟʤʽʨʠ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ. ʇʨʦʪʝ 

ʯʘʩʪʦ ʜʣʷ ʢʦʥʚʦʣʶʮʽʡʥʦʛʦ ʰʘʨʫ ʚʠʟʥʘʯʘʶʪʴ ʮʝʡ ʧʘʨʘʤʝʪʨ ʷʢ ñsameò ï 

ʜʦʜʘʪʢʦʚʠʡ ʰʘʨ ʥʫʣʽʚ ʥʘʚʢʦʣʦ ʚʭʽʜʥʦʾ ʤʘʪʨʠʮʽ ʷʢ padding, ʯʠ ñvalidò ï 

padding ʚʽʜʩʫʪʥʽʡ. 

¶ ʂʽʣʴʢʽʩʪʴ ʚʠʭʽʜʥʠʭ ʬʽʣʴʪʨʽʚ 

 

2.3 ɸʛʨʝʛʫʚʘʣʴʥʠʡ ʰʘʨ 

ɿʘʜʘʯʘ ʮʴʦʛʦ ʰʘʨʫ ï ʟʥʠʟʠʪʠ ʨʦʟʤʽʨ ʚʠʭʽʜʥʠʭ ʬʽʣʴʪʨʽʚ ʟ ʧʦʧʝʨʝʜʥʴʦʛʦ 

ʢʦʥʚʦʣʶʮʽʡʥʦʛʦ ʰʘʨʫ. ʉʪʘʥʜʘʨʪʥʦʶ ʽʤʧʣʝʤʝʥʪʘʮʽʻʶ ʮʴʦʛʦ ʰʘʨʫ ʻ ʦʧʝʨʘʮʽʷ 

ʧʫʣʽʥʛʫ, ʢʦʥʢʨʝʪʥʽʰʝ MaxPooling. ɸʣʛʦʨʠʪʤ ʨʦʟʙʠʚʘʻ ʚʭʽʜʥʫ ʤʘʪʨʠʮʽ ʥʘ ʩʝʛʤʝʥʪʠ 

2x2, ʽ ʚʠʨʘʭʦʚʫʻ ʤʘʢʩʠʤʘʣʴʥʝ ʟʥʘʯʝʥʥʷ ʚ ʢʦʞʥʦʤʫ ʟ ʥʠʭ. ʎʽ ʟʥʘʯʝʥʥʷ ʽ ʬʦʨʤʫʶʪʴ 

ʨʝʟʫʣʴʪʫʶʯʫ ʤʘʪʨʠʮʶ, ʱʦ ʟʙʝʨʽʛʘʻ ʩʚʽʡ ʨʦʟʤʽʨ ʚ ʛʣʠʙʠʥʫ, ʘʣʝ ʤʘʻ ʜʦʚʞʠʥʫ ʪʘ 

ʰʠʨʠʥʫ ʚʜʚʽʯʽ ʤʝʥʰʫ ʟʘ ʚʭʽʜʥʽ. ʎʝʡ ʰʘʨ ʜʦʟʚʦʣʷʻ ʩʠʣʴʥʦ ʟʤʝʥʰʠʪʠ ʢʽʣʴʢʽʩʪʴ 

ʪʨʝʥʦʚʘʥʠʭ ʧʘʨʘʤʝʪʨʽʚ, ʟʙʝʨʽʛʘʶʯʠ ʧʨʠ ʮʴʦʤʫ ʽʥʬʦʨʤʘʮʽʶ ʱʦʜʦ ʥʘʷʚʥʦʩʪʽ ʧʝʚʥʠʭ 

ʦʟʥʘʢ ʫ ʚʠʟʥʘʯʝʥʽʡ ʟʦʥʽ. 

 

2.4 ʇʦʚʥʦʟʚôʷʟʘʥʠʡ ʰʘʨ 

ʆʩʪʘʥʥʽ ʢʽʣʴʢʘ ʰʘʨʽʚ CNN ʥʘʛʘʜʫʶʪʴ ʧʨʠʭʦʚʘʥʽ ʰʘʨʠ feed forward ʤʝʨʝʞʽ. 

ʂʦʞʥʠʡ ʥʝʡʨʦʥ ʧʦʚôʷʟʘʥʠʡ ʟ ʢʦʞʥʠʤ ʽʥʰʠʤ ʥʝʡʨʦʥʦʤ ʥʘʩʪʫʧʥʦʛʦ ʪʘ ʧʦʧʝʨʝʜʥʴʦʛʦ 

ʰʘʨʽʚ. ʅʘ ʮʴʦʤʫ ʝʪʘʧʽ ʤʝʨʝʞʘ ʪʨʝʥʫʻʪʴʩʷ ʥʘ ʚʠʜʦʙʫʪʠʭ ʬʽʣʴʪʨʘʭ ʪʘ ʧʝʚʥʠʤ ʯʠʥʦʤ 

ʢʣʘʩʠʬʽʢʫʻ ʟʦʙʨʘʞʝʥʥʷ. ʎʝʡ ʰʘʨ ʧʨʠʩʫʪʥʽʡ ʥʝ ʟʘʚʞʜʠ, ʟʦʢʨʝʤʘ ʚ ʤʝʨʝʞʘʭ ʜʣʷ 

ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʽʥʰʽ ʤʝʪʦʜʠ ʜʣʷ ʦʪʨʠʤʘʥʥʷ ʨʝʟʫʣʴʪʘʪʫ.  
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2.5 ɺʠʢʣʶʯʝʥʥʷ 

ʂʣʘʩʠʯʥʠʡ ʽʥʩʪʨʫʤʝʥʪ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ï ʚʠʢʣʶʯʝʥʥʷ, ʘʙʦ dropout ï ʟ 

ʧʝʚʥʦʶ ʽʤʦʚʽʨʥʽʩʪʶ ʽʛʥʦʨʫʻ ʢʽʣʴʢʘ ʥʝʡʨʦʥʽʚ ʚ ʰʘʨʽ ʜʣʷ ʮʽʻʾ ʝʧʦʭʠ ʪʨʝʥʫʚʘʥʥʷ. 

ɺʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ dropout ʜʣʷ ʟʘʧʦʙʽʛʘʥʥʷ ʝʬʝʢʪʫ ʧʝʨʝʥʘʚʯʘʥʥʷ (overfitting). ʇʨʦʪʝ 

ʫ ʩʫʯʘʩʥʠʭ CNN ʚʠʢʣʶʯʝʥʥʷ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʥʝʯʘʩʪʦ[2], ʦʩʢʽʣʴʢʠ ʮʝʡ ʧʽʜʭʽʜ ʤʘʻ 

ʢʽʣʴʢʘ ʟʥʘʯʥʠʭ ʥʝʜʦʣʽʢʽʚ. ʇʦ-ʧʝʨʰʝ, ʚʠʢʣʶʯʝʥʥʷ ʟʙʽʣʴʰʫʶʪʴ ʢʽʣʴʢʽʩʪʴ 

ʪʨʝʥʫʚʘʣʴʥʠʭ ʝʧʦʭ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʪʦʛʦ ʞ ʨʝʟʫʣʴʪʘʪʫ, ʭʦʯʘ ʡ ʯʘʩ ʧʦʪʨʽʙʥʠʡ ʥʘ 

ʪʨʝʥʫʚʘʥʥʷ ʦʜʥʽʻʾ ʝʧʦʭʠ ʤʝʥʰʠʡ. ʇʦ-ʜʨʫʛʝ, ʝʬʝʢʪ ʨʝʛʫʣʷʨʠʟʘʮʽʾ ʷʢʠʡ ʥʘʜʘʶʪʴ 

ʚʠʢʣʶʯʝʥʥʷ ʥʘʙʘʛʘʪʦ ʝʬʝʢʪʠʚʥʽʰʝ ʜʦʩʷʛʘʻʪʴʩʷ ʰʣʷʭʦʤ ʥʦʨʤʘʣʽʟʘʮʽʾ[3] 

 

2.6 ʅʦʨʤʘʣʽʟʘʮʽʷ (Batch Normalization) 

ʅʦʨʤʘʣʽʟʘʮʽʷ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʘʩʴ ʱʝ ʧʽʜ ʯʘʩ ʥʘʡʧʝʨʰʠʭ 

ʽʤʧʣʝʤʝʥʪʘʮʽʡ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ʄʘʩʰʪʘʙ ʜʘʥʠʭ ʤʦʞʝ ʩʠʣʴʥʦ ʚʽʜʨʽʟʥʷʪʠʩʴ 

ʟʘʣʝʞʥʦ ʚʽʜ ʾʭ ʜʦʤʝʥʫ, ʧʽʜ ʯʘʩ ʥʦʨʤʘʣʽʟʘʮʽʾ ʤʘʩʰʪʘʙ ʾʭ ʫʩʽʭ ʨʝʛʘʣʷʨʠʟʫʻʪʴʩʷ, ʘʙʠ 

ʙʫʪʠ ʦʜʥʘʢʦʚʠʤ ʚ ʫʩʽʭ ʚʠʧʘʜʢʘʭ. ɼʣʷ batch ʥʦʨʤʘʣʽʟʘʮʽʾ ʮʝʡ ʧʨʦʮʝʩ ʜʫʞʝ ʩʭʦʞʠʡ, 

ʘʣʝ ʚʠʢʦʥʫʻʪʴʩʷ ʥʘʜ ʚʠʭʽʜʥʠʤʠ ʜʘʥʠʤʠ ʢʦʥʚʦʣʶʮʽʡʥʠʭ ʰʘʨʽʚ. ʎʝʡ ʧʨʦʮʝʩ ʧʽʜʚʠʱʫʻ 

ʨʝʛʫʣʷʨʠʟʘʮʽʶ ʜʘʥʠʭ, ʟʤʝʥʰʫʻ ʝʬʝʢʪ ʧʝʨʝʥʘʚʯʘʥʥʷ.  

ʅʘ ʩʴʦʛʦʜʥʽʰʥʽʡ ʜʝʥʴ batch ʥʦʨʤʘʣʽʟʘʮʽʷ ʤʘʡʞʝ ʧʦʚʥʽʩʪʶ ʚʠʪʠʩʥʫʣʘ ʽʥʰʽ 

ʧʽʜʭʦʜʠ ʜʦ ʨʝʛʫʣʷʨʠʟʘʮʽʾ, ʟʦʢʨʝʤʘ ʾʡ ʚʽʜʜʘʶʪʴ ʧʝʨʝʚʘʛʫ ʚ ʧʦʨʽʚʥʷʥʥʽ ʟ 

ʚʠʢʣʶʯʝʥʥʷʤʠ.  

 

2.7 ʐʪʫʯʥʽ ʜʘʥʽ 

ɹʫʜʴ-ʷʢʘ ʛʣʠʙʦʢʘ ʤʝʨʝʞʘ ʚʠʤʘʛʘʻ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘʥʠʭ, 

ʟʘʟʚʠʯʘʡ ʮʝʡ ʦʙôʻʤ ʚʠʤʽʨʶʻʪʴʩʷ ʚ ʩʦʪʥʷʭ ʪʠʩʷʯʘʭ ʯʠ ʤʽʣʴʡʦʥʘʭ. ʏʠʤ ʙʽʣʴʰʝ ʚʭʽʜʥʠʭ 

ʜʘʥʠʭ ʦʪʨʠʤʫʻ ʛʣʠʙʦʢʘ ʤʝʨʝʞʘ, ʪʠʤ ʪʦʯʥʽʰʝ ʾʾ ʧʨʦʛʥʦʟʫʚʘʥʥʷ. ʇʨʦʪʝ ʯʘʩʪʦ 

ʦʪʨʠʤʘʪʠ ʪʘʢʫ ʢʽʣʴʢʽʩʪʴ ʜʘʥʠʭ, ʜʦ ʪʦʛʦ ʞ ʧʨʘʚʠʣʴʥʦ ʘʥʦʪʦʚʘʥʠʭ, ʜʫʞʝ ʩʢʣʘʜʥʦ. 

ʆʩʦʙʣʠʚʦ ʩʠʣʴʥʦ ʮʷ ʧʨʦʙʣʝʤʘ ʧʨʦʷʚʣʷʻʪʴʩʷ ʫ ʟʘʜʘʯʘʭ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ, ʘʜʞʝ 
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ʧʨʦʮʝʩ ʘʥʦʪʫʚʘʥʥʷ ʧʦʪʨʝʙʫʻ ʝʢʩʧʝʨʪʽʚ, ʥʘ ʚʽʜʤʽʥʫ ʚʽʜ, ʥʘʧʨʠʢʣʘʜ, ʜʘʪʘʩʝʪʽʚ 

ʢʣʘʩʠʬʽʢʘʮʽʾ ʟʦʙʨʘʞʝʥʴ, ʤʘʨʢʫʚʘʥʥʷ ʷʢʠʭ ʤʦʛʣʘ ʙ ʨʦʙʠʪʠ ʡ ʜʠʪʠʥʘ.  

ʏʝʨʝʟ ʮʝ ʜʣʷ ʧʽʜʚʠʱʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʜʦʩʪʫʧʥʠʭ ʜʘʥʠʭ ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ 

ʰʪʫʯʥʽ ʜʘʥʽ (Data Augmentation). ʅʘ ʢʦʞʥʽʡ ʝʧʦʩʽ ʥʘʜ ʚʭʽʜʥʠʤʠ ʟʦʙʨʘʞʝʥʥʷʤʠ 

ʧʨʦʚʦʜʠʪʴʩʷ ʯʝʨʝʜʘ ʟʤʽʥ: ʛʦʨʠʟʦʥʪʘʣʴʥʝ ʚʽʜʜʟʝʨʢʘʣʶʚʘʥʥʷ, ʦʙʝʨʪʠ, zoom, cropping, 

ʬʽʣʴʪʨ ɻʘʫʩʩʘ, ʪʦʱʦ. ɺ ʨʝʟʫʣʴʪʘʪʽ CNN ʦʪʨʠʤʫʻ ʩʠʣʴʥʦ ʚʠʜʦʟʤʽʥʝʥʝ ʟʦʙʨʘʞʝʥʥʷ, 

ʷʢʝ ʜʣʷ ʤʝʨʝʞʽ ʻ ʬʘʢʪʠʯʥʦ ʘʙʩʦʣʶʪʥʦ ʥʦʚʠʤ. 

 

2.8 Tensorflow ʪʘ keras 

ʅʘ ʜʘʥʠʡ ʤʦʤʝʥʪ ʨʦʟʨʦʙʢʘ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ ʩʠʣʴʥʦ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ ʪʦʛʦ, ʟ 

ʯʠʤ ʜʦʚʦʜʠʣʦʩʴ ʧʨʘʮʶʚʘʪʠ ʥʘ ʝʪʘʧʘʭ ʟʘʨʦʜʞʝʥʥʷ ʽʥʜʫʩʪʨʽʾ. ɯʩʥʫʻ ʢʽʣʴʢʘ ʜʫʞʝ 

ʧʦʪʫʞʥʠʭ ʬʨʝʡʤʚʦʨʢʽʚ ʜʣʷ ʧʦʙʫʜʦʚʠ ʪʘ ʪʨʝʥʫʚʘʥʥʷ ʤʦʜʝʣʝʡ. ʆʜʥʠʤ ʟ ʪʘʢʠʭ ʻ 

TensorFlow, ʨʦʟʨʦʙʣʝʥʠʡ Google ʚ 2017 ʨʦʮʽ. ɯʤôʷ ʙʽʙʣʽʦʪʝʢʠ ʧʦʭʦʜʠʪʴ ʚʽʜ ʜʚʦʭ 

ʧʦʥʷʪʴ ï ʪʝʥʟʦʨ (Tensor) ʪʘ ʛʨʘʬʠ ʧʦʪʦʢʦʚʠʭ ʜʘʥʠʭ (stateful dataflow graphs). 

ʊʝʥʟʦʨʠ ï ʮʝ ʙʘʛʘʪʦʚʠʤʽʨʥʽ ʤʘʩʠʚʠ ʜʘʥʠʭ, ʘ ʯʝʨʝʟ ʧʦʪʦʢʦʚʽ ʛʨʘʬʠ ʙʽʙʣʽʦʪʝʢʘ 

ʚʠʟʥʘʯʘʻ ʦʧʝʨʘʮʽʾ ʥʘ ʥʠʤʠ.  

TensorFlow ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʷʢ ʙʽʙʣʽʦʪʝʢʫ ʜʣʷ ʨʝʘʣʴʥʠʭ ʧʨʦʝʢʪʽʚ, 

ʯʘʩʪʢʦʚʦ ʯʝʨʝʟ TPU (Tensor Processing Unit) ʨʦʟʨʦʙʣʝʥʠʡ Google ʱʦʙ ʟʤʝʥʰʠʪʠ 

ʚʘʨʪʽʩʪʴ ʨʦʙʦʪʠ ʚʞʝ ʥʘʪʨʝʥʦʚʘʥʦʾ ʤʦʜʝʣʽ. ʆʪʨʠʤʘʪʠ ʜʦʩʪʫʧ ʜʦ ʥʠʭ ʤʦʞʥʘ ʯʝʨʝʟ 

ʭʤʘʨʥʠʡ ʩʝʨʚʽʩ Google.  

ʂʨʽʤ ʪʦʛʦ TensorFlow ʤʘʻ ʛʘʨʥʫ ʧʽʜʪʨʠʤʢʫ ʧʝʨʩʦʥʘʣʴʥʠʭ ʧʨʦʝʢʪʽʚ ʫ ʚʠʛʣʷʜʽ 

Google Colab ï ʦʥʣʘʡʥ ʩʝʨʚʽʩ ʱʦ ʜʦʟʚʦʣʷʻ ʟʘʧʫʩʢʘʪʠ Jupyter ʙʣʦʢʥʦʪʠ ʧʨʷʤʦ ʟ 

ʙʨʘʫʟʝʨʘ, ʜʦ ʪʦʛʦ ʞ ʙʝʟʢʦʰʪʦʚʥʦ. ʊʘʢʠʤ ʯʠʥʦʤ ʤʦʞʥʘ ʪʨʝʥʫʚʘʪʠ ʚʽʜʥʦʩʥʦ ʚʝʣʠʢʽ 

ʤʝʨʝʞʽ ʥʝ ʤʘʶʯʠ ʧʦʪʫʞʥʦʛʦ ʛʨʘʬʽʯʥʦʛʦ ʧʨʦʮʝʩʦʨʫ. 

ʅʝ ʟʚʘʞʘʶʯʠ ʥʘ ʫʩʽ ʧʣʶʩʠ TensorFlow, ʧʠʩʘʪʠ ʢʦʜ ʥʘ ʥʴʦʤʫ ʤʦʞʝ ʙʫʪʠ 

ʩʢʣʘʜʥʦ ʪʘ ʧʦʪʨʝʙʫʻ ʟʥʘʯʥʠʭ ʟʘʪʨʘʪ ʯʘʩʫ. ɼʣʷ ʚʠʧʨʘʚʣʝʥʥʷ ʮʴʦʛʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʙʽʙʣʽʦʪʝʢʘ Keras. ʎʽʣʴ ʾʾ ï ʩʧʨʦʩʪʠʪʠ ʥʘʧʠʩʘʥʥʷ ʤʝʨʝʞ, ʟʤʝʥʰʠʪʠ ʢʦʛʥʽʪʠʚʥʝ 
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ʥʘʚʘʥʪʘʞʝʥʥʷ ʥʘ ʨʦʟʨʦʙʥʠʢʘ. Keras ʧʦʙʫʜʦʚʘʥʦ ʥʘ Tensorflow 2.0 ʽ ʢʦʜ ʥʘʧʠʩʘʥʠʡ 

ʟʘ ʜʦʧʦʤʦʛʦʶ ʥʴʦʛʦ ʪʘʢ ʩʘʤʦ ʤʦʞʥʘ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʚ Google Colab. ʅʘ ʜʘʥʠʡ 

ʤʦʤʝʥʪ ʮʝ ʘʙʩʦʣʶʪʥʦ ʥʘʡʧʦʧʫʣʷʨʥʽʰʠʡ ʩʧʦʩʽʙ ʥʘʧʠʩʘʥʥʷ ʤʝʨʝʞ, ʪʦʧ 5 ʥʘʡʢʨʘʱʠʭ 

ʢʦʨʠʩʪʫʚʘʯʽʚ Kaggle, ʧʦʧʫʣʷʨʥʦʛʦ ʩʘʡʪʫ ʜʣʷ ʟʤʘʛʘʥʴ ʟ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ, 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʩʘʤʝ Keras. 

 

2.9 ɼʘʪʘʩʝʪʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ 

ɯʩʪʦʨʠʯʥʦ ʜʣʷ ʪʨʝʥʫʚʘʥʥʷ ʤʝʨʝʞ ʩʬʝʨʠ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʽʩʥʫʻ ʢʽʣʴʢʘ 

ʚʘʞʣʠʚʠʭ ʜʘʪʘʩʝʪʽʚ. ʄʘʻ ʩʝʥʩ ʨʦʟʛʣʷʥʫʪʠ ʾʭ ʟʤʽʩʪ ʪʘ ʮʽʣʽ, ʘʙʠ ʢʨʘʱʝ ʨʦʟʫʤʽʪʠ 

ʨʦʟʚʠʪʦʢ CNN ʤʝʨʝʞ.  

ɼʣʷ ʜʝʤʦʥʩʪʨʘʮʽʾ ʧʦʪʫʞʥʦʩʪʽ backbone-ʤʝʨʝʞ ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ 

ʜʘʪʘʩʝʪ ImageNet. ImageNet ʤʘʻ ʚ ʩʦʙʽ 14 ʤʽʣʴʡʦʥʽʚ ʟʦʙʨʘʞʝʥʴ, ʢʦʞʥʝ ʟ ʷʢʠʭ ʤʘʻ 

ʦʜʠʥ ʟ ʙʽʣʴʰʝ ʥʽʞ ʜʚʘʜʮʷʪʠ ʪʠʩʷʯ ʚʠʟʥʘʯʝʥʠʭ ʢʣʘʩʽʚ. ʏʝʨʝʟ ʥʘʜʟʚʠʯʘʡʥʠʡ ʨʦʟʤʽʨ 

ʜʘʪʘʩʝʪʫ ʟʘʟʚʠʯʘʡ ʫʩʽ ʟʤʘʛʘʥʥʷ ʪʨʝʥʫʶʪʴʩʷ ʥʘ ʡʦʛʦ ʧʽʜʤʥʦʞʠʥʽ ILSVRC. ʅʘ ʨʘʥʥʽʭ 

ʝʪʘʧʘʭ ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʟʘ ʜʦʧʦʤʦʛʦʶ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʮʝʡ ʜʘʪʘʩʝʪ ʙʫʚ 

ʥʘʡʧʨʝʩʪʠʞʥʽʰʦʶ ʮʽʣʣʶ. ɯ ʟʘʨʘʟ ʙʽʣʴʰʽʩʪʴ state-of-the-art ʤʝʨʝʞ ʚʠʢʦʨʠʩʪʦʚʫʻ 

ImageNet ʜʣʷ ʪʨʝʥʫʚʘʥʥʷ. ʅʘ ʩʴʦʛʦʜʥʽʰʥʽʡ ʜʝʥʴ ʨʝʢʦʨʜ ʪʨʠʤʘʻ ʤʝʨʝʞʘ CoCa ʟ 91% 

ʪʦʯʥʦʩʪʽ ʚ ʢʣʘʩʠʬʽʢʘʮʽʾ. 

ʅʘʩʪʫʧʥʽ ʜʚʘ ʚʠʟʥʘʯʥʠʭ ʜʘʪʘʩʝʪʠ ʥʘʧʨʷʤʫ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ ʜʣʷ ʩʝʛʤʝʥʪʘʮʽʾ 

ʟʦʙʨʘʞʝʥʴ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʜʘʪʘʩʝʪʽʚ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ, ʮʽ ʜʘʪʘʩʝʪʠ ʥʝ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʪʦʯʥʽʩʪʴ ʷʢ ʦʩʥʦʚʥʠʡ ʧʦʢʘʟʥʠʢ ʷʢʦʩʪʽ ʤʝʨʝʞʽ. ʅʘʪʦʤʽʩʪʴ 

ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ MIoU ï Mean Intersection over Union.  

ʈʠʩʫʥʦʢ 5, ʬʦʨʤʫʣʘ ʦʙʯʠʩʣʝʥʥʷ Inersection over Union ʟ ʛʨʘʬʽʯʥʦʶ ʨʝʧʨʝʟʝʥʪʘʮʽʻʶ 
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Intersection over Union ʚʠʨʘʭʦʚʫʻʪʴʩʷ ʦʢʨʝʤʦ ʜʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʫ, ʰʣʷʭʦʤ 

ʜʽʣʝʥʥʷ ʧʣʦʱʽ ʧʝʨʝʩʽʯʝʥʥʷ ʧʨʦʛʥʦʟʦʚʘʥʦʛʦ ʢʣʘʩʫ ʟ ʨʝʘʣʴʥʠʤ ʢʣʘʩʦʤ ʥʘ ʘʥʦʪʘʮʽʾ ʥʘ 

ʟʘʛʘʣʴʥʫ ʧʣʦʱʫ ʦʙôʻʜʥʘʥʥʷ ʧʨʦʛʥʦʟʦʚʘʥʦʛʦ ʪʘ ʨʝʘʣʴʥʦʛʦ ʢʣʘʩʫ. Mean ʯʘʩʪʠʥʘ 

ʦʟʥʘʯʘʻ ʱʦ ʚʠʨʘʭʦʚʫʻʪʴʩʷ ʩʝʨʝʜʥʷ IoU ʜʣʷ ʫʩʽʭ ʢʣʘʩʽʚ. 

Cityscapes ʩʢʣʘʜʘʻʪʴʩʷ ʟ 25000 ʪʠʩʷʯ ʟʦʙʨʘʞʝʥʴ ʫʨʙʘʥʽʩʪʠʯʥʠʭ ʜʦʨʽʛ ʚ 50-ʪʠ 

ʨʽʟʥʠʭ ʤʽʩʪʘʭ ʧʽʜ ʯʘʩ ʨʽʟʥʠʭ ʧʽʨ ʨʦʢʫ ʪʘ ʛʦʜʠʥ ʜʥʷ. 5000 ʪʠʩʷʯ ʟ ʮʠʭ ʟʦʙʨʘʞʝʥʴ ʯʽʪʢʦ 

ʘʥʦʪʦʚʘʥʽ, ʽʥʰʽ ʘʥʦʪʦʚʘʥʽ ʛʨʫʙʦ. ɼʘʪʘʩʝʪ ʤʘʻ 8 ʢʣʘʩʽʚ: ʧʣʦʩʢʽ ʧʦʚʝʨʭʥʽ, ʣʶʜʠ, 

ʪʨʘʥʩʧʦʨʪʥʽ ʟʘʩʦʙʠ, ʙʫʜʽʚʣʽ, ʦʙôʻʢʪʠ, ʧʨʠʨʦʜʘ, ʥʝʙʦ ʪʘ ʧʫʩʪʦʪʘ. ʆʜʥʘ ʟ ʚʠʟʥʘʯʥʠʭ 

ʭʘʨʘʢʪʝʨʠʩʪʠʢ ʜʘʪʘʩʝʪʫ ʮʝ ʚʝʣʠʢʠʡ ʨʦʟʤʽʨ ʟʦʙʨʘʞʝʥʴ ʚ ʥʴʦʤʫ (2048x1024) ʽ ʙʣʠʟʴʢʽ 

ʜʦ ʨʝʘʣʴʥʠʭ ʧʨʦʙʣʝʤ ʫʤʦʚʠ, ʟʦʢʨʝʤʘ ʜʣʷ ʘʚʪʦʥʦʤʥʠʭ ʪʨʘʥʩʧʦʨʪʥʠʭ ʟʘʩʦʙʽʚ. ʅʘ 

ʜʘʥʠʡ ʤʦʤʝʥʪ ʮʝʡ ʜʘʪʘʩʝʪ ʻ ʥʘʡʧʦʧʫʣʷʨʥʽʰʠʤ ʫ ʩʬʝʨʽ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ.  

MS Coco (Microsoft Common Objects in Context) ï ʮʝ ʚʝʣʠʢʠʡ (328 ʪʠʩ., 164 

ʪʠʩ. ʘʥʦʪʦʚʘʥʠʭ ʟʦʙʨʘʞʝʥʴ) ʜʘʪʘʩʝʪ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʙʘʛʘʪʴʦʭ ʧʨʦʙʣʝʤ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ. ɺ ʥʴʦʤʫ ʧʨʠʩʫʪʥʽ ʘʥʦʪʘʮʽʾ ʜʣʷ ʚʠʷʚʣʝʥʥʷ ʦʙôʻʢʪʽʚ, ʦʧʠʩʫ 

ʟʦʙʨʘʞʝʥʴ ʧʨʠʨʦʜʥʴʦʶ ʤʦʚʦʶ, ʩʝʛʤʝʥʪʘʮʽʾ ʦʙôʻʢʪʽʚ (ʟ 91 ʢʣʘʩʦʤ), ʧʘʥʦʧʪʠʯʥʦʾ 

ʩʝʛʤʝʥʪʘʮʽʾ, ʪʦʱʦ. 

  



17 

 

ʈʆɿɼɯʃ 3: ɸʨʭʽʪʝʢʪʫʨʠ ʟʛʦʨʪʢʦʚʠʭ ʤʝʨʝʞ 
 

3.1 ɺʠʩʦʢʦʨʽʚʥʝʚʘ ʩʪʨʫʢʪʫʨʘ CNN 

ɺ ʤʠʥʫʣʠʭ ʨʦʟʜʽʣʘʭ ʙʫʣʦ ʨʦʟʛʣʷʥʫʪʦ ʥʠʟʴʢʦʨʽʚʥʝʚʫ ʩʪʨʫʢʪʫʨʫ ʪʠʧʦʚʦʾ 

ʢʦʥʚʦʣʶʮʽʡʥʦʾ ʤʝʨʝʞʽ. ʇʨʦʪʝ ʚ ʙʽʣʴʰʦʩʪʽ ʚʠʧʘʜʢʽʚ ʥʝ ʧʨʠʡʥʷʪʦ ʙʫʜʫʚʘʪʠ ʫʩʶ 

ʤʝʨʝʞʫ ʧʦʚʥʽʩʪʶ. ʇʨʠʯʠʥʦʶ ʜʣʷ ʮʴʦʛʦ ʻ ʪʝ, ʱʦ ʢʦʥʚʦʣʶʮʽʡʥʘ ʯʘʩʪʠʥʘ ʫʩʽʭ ʤʝʨʝʞ 

ʚ ʮʽʣʦʤʫ ʜʫʞʝ ʩʭʦʞʘ, ʘ ʾʾ ʙʘʛʘʪʦʰʘʨʦʚʘ ʘʨʭʽʪʝʢʪʫʨʘ ʧʦʪʨʝʙʫʻ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ 

ʪʨʝʥʫʚʘʣʴʥʠʭ ʜʘʥʠʭ ʪʘ ʙʘʛʘʪʦ ʯʘʩʫ ʜʣʷ ʜʦʩʷʛʥʝʥʥʷ ʛʘʨʥʠʭ ʧʦʢʘʟʥʠʢʽʚ ʧʨʠ 

ʪʨʝʥʫʚʘʥʥʽ. ʏʝʨʝʟ ʮʝ ʟʘʟʚʠʯʘʡ CNN ʨʦʟʜʽʣʝʥʽ ʥʘ 2 ʯʘʩʪʠʥʠ ï ʦʩʥʦʚʘ (backbone) ʪʘ 

ʽʤʧʣʝʤʝʥʪʘʮʽʷ, ʟ ʷʢʠʭ ʦʩʥʦʚʘ ʮʝ ʦʜʥʘ ʟ state-of-the-art ʧʨʝʪʨʝʥʦʚʘʥʠʭ ʤʦʜʝʣʝʡ ʙʝʟ 

ʦʨʠʛʽʥʘʣʴʥʦʾ ʽʤʧʣʝʤʝʥʪʘʮʽʾ (ʙʝʟ ʦʩʪʘʥʥʽʭ ʢʽʣʴʢʦʭ ʧʦʚʥʦʟʚôʷʟʘʥʠʭ ʰʘʨʽʚ). ɼʣʷ 

ʧʦʚʥʦʛʦ ʘʥʘʣʽʟʫ ʜʦʩʪʫʧʥʠʭ CNN ʨʽʰʝʥʴ ʤʘʻ ʩʝʥʩ ʨʦʟʛʣʷʥʫʪʠ ʧʨʝʜʩʪʘʚʥʠʢʽʚ ʦʙʦʭ 

ʯʘʩʪʠʥ. 

 

3.2 ʆʩʥʦʚʠ (backbone) ʜʣʷ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ  

ʉʪʚʦʨʝʥʥʷ ʧʦʪʫʞʥʦʾ backbone ʘʨʭʽʪʝʢʪʫʨʠ ʮʝ ʟʘʟʚʠʯʘʡ ʜʫʞʝ ʩʢʣʘʜʥʘ ʟʘʜʘʯʘ. 

ʅʘʜ ʩʪʚʦʨʝʥʥʷʤ ʥʦʚʠʭ state-of-the-art ʤʦʜʝʣʝʡ ʚ ʮʽʡ ʢʘʪʝʛʦʨʽʾ ʧʨʘʮʶʶʪʴ ʚʝʣʠʢʽ 

ʢʦʤʘʥʜʠ ʝʢʩʧʝʨʪʽʚ ʟʘ ʧʽʜʪʨʠʤʢʠ ʛʽʛʘʥʪʽʚ ʽʥʜʫʩʪʨʽʾ, ʪʘʢʠʭ ʷʢ Google ʯʠ Microsoft. 

ʅʘʡʙʽʣʴʰʽ ʧʨʦʨʠʚʠ ʚ ʩʬʝʨʽ ʛʣʠʙʦʢʦʛʦ ʤʘʰʠʥʥʦʛʦ ʥʘʚʯʘʥʥʷ ʧʦʚôʷʟʘʥʽ ʷʢʨʘʟ ʟ 

ʥʦʚʠʤʠ ʨʦʟʨʦʙʢʘʤʠ ʫ ʮʽʡ ʩʬʝʨʽ. ɺ ʮʴʦʤʫ ʧʫʥʢʪʽ ʙʫʜʝ ʨʦʟʛʣʷʥʫʪʦ ʽʩʪʦʨʠʯʥʦ ʚʘʞʣʠʚʽ, 

ʯʘʩʪʦ ʚʞʠʚʘʥʽ ʪʘ ʥʦʚʽʪʥʽ backbone ʤʝʨʝʞʽ. 

 

3.2.1 AlexNet  

ʅʘ ʧʦʯʘʪʢʫ 2010-ʭ ʥʝ ʙʫʣʦ ʟʘʛʘʣʴʥʦ ʚʠʟʥʘʥʦʛʦ ʧʽʜʭʦʜʫ ʜʦ ʧʨʦʙʣʝʤʠ 

ʢʦʤʧôʶʪʝʨʥʦʛʦ ʟʦʨʫ ʚ ʢʦʥʪʝʢʩʪʽ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞ. ɹʫʣʦ ʙʘʛʘʪʦ ʧʽʜʭʦʜʽʚ, ʧʨʦʪʝ 

ʞʦʜʝʥ ʟ ʥʠʭ ʥʝ ʜʘʚʘʚ ʟʥʘʯʥʠʭ ʧʦʢʨʘʱʝʥʴ. ɺ 2012 ʨʦʮʽ ʛʨʫʧʘ ʜʦʩʣʽʜʥʠʢʽʚ ʚʠʧʫʩʪʠʣʘ 

ʫ ʩʚʽʪ ʩʚʦʶ ʥʘʫʢʦʚʫ ʨʦʙʦʪʫ çImageNet Classification with Deep Convolutional Neural 
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Networksè, ʚ ʷʢʽʡ ʙʫʣʦ ʦʧʠʩʘʥʦ ʤʝʨʝʞʫ ʤʘʡʞʝ ʽʜʝʥʪʠʯʥʫ ʩʫʯʘʩʥʠʤ. ɿʛʦʜʦʤ ʦʧʠʩʘʥʘ 

ʘʨʭʽʪʝʢʪʫʨʘ ʦʪʨʠʤʘʣʘ ʥʘʟʚʫ AlexNet ʥʘ ʯʝʩʪʴ ʦʜʥʦʛʦ ʟ ʜʦʩʣʽʜʥʠʢʽʚ. ʂʦʥʚʦʣʶʮʽʡʥʽ 

ʤʝʨʝʞʽ 

ʽʩʥʫʚʘʣʠ ʽ ʜʦ ʪʦʛʦ, ʧʨʦʪʝ ʥʝ ʚ ʪʘʢʦʤʫ ʤʘʰʩʪʘʙʽ.  

ɸʨʭʽʪʝʢʪʫʨʘ ʟʘʟʥʘʯʝʨʘ ʚ ʨʦʙʦʪʽ ʤʘʻ ʫʩʽ ʪʠʧʽʯʥʽ ʩʴʦʛʦʜʥʽ ʝʣʝʤʝʥʪʠ ï ʰʘʨʠ 

ʢʦʥʚʦʣʶʮʽʡ ʟ RelU ʘʢʪʠʚʘʮʽʻʶ, ʩʣʽʜʦʤ ʟʘ ʥʠʤʠ Max pooling, ʚ ʢʽʥʮʽ ʤʝʨʝʞʽ 3 dense 

ʰʘʨʠ, ʟ ʬʽʥʘʣʴʥʠʤ ʚʝʢʪʦʨʦʤ ʫ 1000 ʝʣʝʤʝʥʪʽʚ ʜʣʷ ʢʣʘʩʠʬʽʢʘʮʽʾ ʜʘʪʘʩʝʪʫ ILSVRC-

2010. ɺʘʞʣʠʚʦ ʚʽʜʤʽʪʠʪʠ ʽʤʧʣʝʤʝʥʪʘʮʽʶ ʫ ʚʠʛʣʷʜʽ, ʧʦ ʩʫʪʽ, ʜʚʦʭ ʧʘʨʘʣʝʣʴʥʠʭ 

ʤʝʨʝʞ. ʊʘʢʝ ʨʽʰʝʥʥʷ ʚʠʭʦʜʠʣʦ ʟ ʪʝʭʥʽʯʥʠʭ ʧʨʠʯʠʥ ï ʪʨʝʥʫʚʘʥʥʷ ʤʦʜʝʣʽ ʜʦʚʝʣʦʩʷ 

ʨʝʘʣʽʟʫʚʘʪʠ ʥʘ ʜʚʦʭ ʛʨʘʬʽʯʥʠʭ ʧʨʦʮʝʩʦʨʘʭ GTX 580 ʟ 3 GB ʧʘʤôʷʪʽ, ʦʩʢʽʣʴʢʠ ʧʘʤôʷʪʽ 

ʦʜʥʦʛʦ ʥʝ ʚʠʩʪʘʯʘʣʦ ʱʦʙ ʚʤʽʩʪʠʪʠ ʫʩʶ ʤʦʜʝʣʴ. ʂʦʞʥʠʡ GPU ʪʨʝʥʫʚʘʚ ʩʚʦʶ ʤʦʜʝʣʴ, 

ʧʽʩʣʷ ʧʝʚʥʠʭ ʝʪʘʧʽʚ ʚʦʥʠ ʦʥʦʚʣʶʚʘʣʠ ʧʘʨʘʤʝʪʨʠ ʦʜʥʝ ʦʜʥʦʛʦ, ʟʘʧʠʩʫʶʯʠ ʾʭ 

ʥʘʧʨʷʤʫ ʚ ʧʘʤôʷʪʴ ʧʨʦʮʝʩʦʨʘ.  

ʉʘʤʘ ʘʨʭʽʪʝʢʪʫʨʘ AlexNet ʙʫʣʘ ʨʝʚʦʣʶʮʽʡʥʦʶ ʩʘʤʘ ʧʦ ʩʦʙʽ, ʘʣʝ ʢʨʽʤ ʮʴʦʛʦ 

ʘʚʪʦʨʠ ʪʘʢʦʞ ʜʦʩʣʽʜʠʣʠ ʘʣʴʪʝʨʥʘʪʠʚʠ ʜʣʷ ʬʫʥʢʮʽʡ ʘʢʪʠʚʘʮʽʾ. ʅʘ ʪʦʡ ʯʘʩ ʪʠʧʦʚʦʶ 

ʘʢʪʠʚʘʮʽʻʶ ʙʫʣʘ ʩʠʛʤʦʾʜʥʘ ʬʫʥʢʮʽʷ. ɸʚʪʦʨʠ ʞ ʟʘʟʥʘʯʠʣʠ, ʱʦ ʤʝʨʝʞʘ ʟ ʧʨʦʩʪʦʶ 

ReLU ʩʭʦʜʠʣʘʩʷ ʚ 6 ʨʘʟʽʚ ʰʚʠʜʰʝ. 

ʈʠʩʫʥʦʢ 6, ʘʨʭʽʪʝʢʪʫʨʘ AlexNet 

ʈʠʩʫʥʦʢ 7, ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ReLU (ʟʣʽʚʘ), ʩʠʛʤʦʾʜʥʘ ʬʫʥʢʮʽʷ (ʧʦ ʮʝʥʪʨʫ) ʪʘ ʨʽʟʥʠʮʷ ʚ ʰʚʠʜʢʦʩʪʽ ʪʨʝʥʫʚʘʥʥʷ ʟ ʥʠʤʠ (ʩʧʨʘʚʘ, ʮʽʣʴʥʘ ʣʽʥʽʷ 

- ReLU, ʧʫʥʢʪʠʨʥʘ - ʩʠʛʤʦʾʜʥʘ) 
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ʊʘʢʦʞ ʮʝ ʦʜʥʘ ʟ ʧʝʨʰʠʭ ʤʝʨʝʞ ʷʢʽ ʚʠʢʦʨʠʩʪʦʚʫʚʘʣʠ ʰʪʫʯʥʽ ʜʘʥʽ, ʦʩʦʙʣʠʚʦ 

ʜʫʞʝ ʚʘʞʣʠʚʽ ʟʤʽʥʠ, ʪʘʢʽ ʷʢ ʛʦʨʠʟʦʥʪʘʣʴʥʝ ʚʽʜʟʝʨʢʘʣʶʚʘʥʥʷ ʪʘ ʦʙʨʽʟʘʥʥʷ, ʷʢʽ ʟʘʨʘʟ 

ʻ ʤʘʡʞʝ ʦʙʦʚôʷʟʢʦʚʠʤʠ ʧʨʦ ʘʫʛʤʝʥʪʘʮʽʾ ʜʘʥʠʭ. 

ʈʝʟʫʣʴʪʘʪʠ ʤʝʨʝʞʽ ʥʘ ʪʦʡ ʯʘʩ ʚʨʘʞʘʣʠ, 37% ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʦʤʫ ʜʘʪʘʩʝʪʽ 

ILSVRC, ʚ ʧʦʨʽʚʥʷʥʥʽ ʟ ~45% ʚ ʥʘʡʙʣʠʞʯʠʭ ʢʦʥʢʫʨʝʥʪʽʚ.  

 

3.2.2 ResNet 

ʇʽʩʣʷ ʚʝʣʠʢʦʛʦ ʧʨʦʨʠʚʫ ʷʢʠʤ ʙʫʚ AlexNet ʜʦʚʛʠʡ ʯʘʩ ʛʣʠʙʦʢʽ ʢʦʥʚʦʣʶʮʽʡʥʽ 

ʤʝʨʝʞʽ ʥʝ ʧʦʢʘʟʫʚʘʣʠ ʟʥʘʯʥʦʛʦ ʨʦʟʚʠʪʢʫ. ɿʽ ʟʙʽʣʴʰʝʥʥʷʤ ʧʘʤôʷʪʽ ʪʘ ʦʙʯʠʩʣʶʚʘʣʴʥʦʾ 

ʧʦʪʫʞʥʦʩʪʽ ʥʘ ʛʨʘʬʽʯʥʠʭ ʧʨʦʮʝʩʦʨʘʭ ʟôʷʚʠʣʘʩʴ ʤʦʞʣʠʚʽʩʪʴ ʙʫʜʫʚʘʪʠ ʱʝ ʛʣʠʙʰʽ 

ʤʝʨʝʞʽ, ʪʠʤ ʩʘʤʠʤ ʧʦʢʨʘʱʫʶʯʠ ʾʭ ʨʝʟʫʣʴʪʘʪʠ. ʅʘʡʙʽʣʴʰʘ ʤʝʨʝʞʘ ʥʘ ʪʦʡ ʯʘʩ ʙʫʣʘ 

VGG19 ʟ 16-ʤʘ ʢʦʥʚʦʣʶʮʽʡʥʠʤʠ ʰʘʨʘʤʠ ʪʘ ʪʨʴʦʤʘ dense ʰʘʨʘʤʠ. ʇʨʦʪʝ ʚ ʧʝʚʥʠʡ 

ʤʦʤʝʥʪ ʧʦʜʘʣʴʰʝ ʟʙʽʣʴʰʝʥʥʷ ʢʽʣʴʢʦʩʪʽ ʰʘʨʽʚ ʧʝʨʝʩʪʘʣʦ ʜʘʚʘʪʠ ʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ. 

ʆʜʥʽʻʶ ʮʽʣʢʦʤ ʚʽʨʦʛʽʜʥʦʶ ʧʨʠʯʠʥʦʶ ʤʦʛʣʦ ʙʫʪʠ ʧʝʨʝʥʘʚʯʘʥʥʷ, ʧʨʦʪʝ ʛʨʫʧʘ 

ʜʦʩʣʽʜʥʠʢʽʚ ʟ Microsoft ʚʠʷʚʠʣʘ ʥʝʚʽʜʧʦʚʽʜʥʽʩʪʴ ʤʽʞ ʮʠʤ ʧʨʠʧʫʱʝʥʥʷʤ ʪʘ 

ʬʘʢʪʠʯʥʠʤʠ ʪʝʩʪʦʚʠʤʠ ʜʘʥʠʤ. 

ɿʘ ʾʭ ʜʦʩʣʽʜʞʝʥʥʷʤʠ ʟʽ ʟʙʽʣʴʰʝʥʥʷʤ ʢʽʣʴʢʦʩʪʽ ʰʘʨʽʚ ʚ ʢʦʥʚʦʣʶʮʽʡʥʽʡ ʤʝʨʝʞʽ, 

ʟʨʦʩʪʘʣʘ ʥʝ ʪʽʣʴʢʠ ʢʽʣʴʢʽʩʪʴ ʧʦʤʠʣʦʢ ʥʘ ʪʝʩʪʦʚʦʚʤʫ ʜʘʪʘʩʝʪʽ, ʘ ʡ ʥʘ ʪʨʝʥʦʚʘʥʦʤʫ. 

ɺʽʜʧʦʚʽʜʥʦ ʧʨʠʯʠʥʦʶ ʮʴʦʤʫ ʥʝ ʤʦʛʣʦ ʙʫʪʠ ʧʝʨʝʥʘʚʯʘʥʥʷ. 

ɰʭ ʛʽʧʦʪʝʟʘ ʙʫʣʘ ʥʘʩʪʫʧʥʘ: ʢʦʞʥʘ ʤʝʨʝʞʘ ʟ ʙʽʣʴʰʦʶ ʢʽʣʴʢʽʩʪʴ ʰʘʨʽʚ ʤʦʞʝ ʙʫʪʠ 

ʧʨʠʟʚʝʜʝʥʘ ʜʦ ʤʝʨʝʞʽ ʟ ʤʝʥʰʦʶ ʢʽʣʴʢʽʩʪʶ ʰʘʨʽʚ, ʷʢʱʦ ʫʩʽ ʥʘʜʣʠʰʢʦʚʽ ʰʘʨʠ ʧʝʨʰʦʾ 

ʤʝʨʝʞʽ ʙʫʜʫʪʴ ʚʠʢʦʥʫʚʘʪʠ identity ʦʧʝʨʘʮʽʶ, ʪʦʙʪʦ ʚʟʘʛʘʣʽ ʥʝ ʟʤʽʥʶʚʘʪʠ ʚʭʽʜʥʽ ʜʘʥʽ. 

ʈʠʩʫʥʦʢ 8, ʚʽʜʩʦʪʦʢ ʧʦʤʠʣʦʢ ʥʘ ʪʨʝʥʫʚʘʣʴʥʠʭ ʪʘ ʪʝʩʪʦʚʠʭ ʜʘʪʘʩʝʪʘʭ ʜʚʦʭ ʨʽʟʥʠʭ ʤʝʨʝʞ 
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ʆʩʢʽʣʴʢʠ ʚʽʜʩʦʪʦʢ ʧʦʤʠʣʦʢ ʨʦʩʪʝ ʟ ʢʽʣʴʢʽʩʪʶ ʰʘʨʽʚ, ʽ ʧʽʩʣʷ ʧʝʚʥʦʛʦ ʰʘʨʫ ʚʭʽʜʥʽ ʜʘʥʽ 

ʥʝ ʤʘʶʪʴ ʟʘʟʥʘʚʘʪʠ ʟʥʘʯʥʠʭ ʟʤʽʥ, ʪʦ ʤʝʨʝʞʘ ʥʝ ʤʦʞʝ ʥʘʚʯʠʪʠʩʷ ʧʨʦʚʦʜʠʪʠ identity 

ʦʧʝʨʘʮʽʶ ʽ ʚʽʜʧʦʚʽʜʥʦ ʟ ʯʘʩʦʤ ʧʦʛʽʨʰʫʻʪʴʩʷ.  

ɸʙʠ ʧʝʨʝʚʽʨʠʪʠ ʮʶ ʪʝʦʨʽʶ ʚʦʥʠ ʩʪʚʦʨʠʣʠ ʪʘʢ ʟʚʘʥʽ skip-connections, ʘʙʦ 

shortcut connections ï ʧʽʩʣʷ ʦʙʯʠʩʣʝʥʥʷ ʙʣʦʢʫ ʟ ʜʚʦʭ ʢʦʥʚʦʣʶʮʽʡʥʠʭ ʰʘʨʽʚ F(x) 

ʧʝʨʝʜ ʜʨʫʛʦʶ ʬʫʥʢʮʽʻʶ ʘʢʪʠʚʘʮʽʾ ʜʦ F(x) ʜʦʜʘʚʘʣʠʩʷ ʚʭʽʜʥʽ ʜʘʥʽ x. ʆʩʢʽʣʴʢʠ 

ʚʠʚʯʠʪʠ ʥʫʣʴʦʚʫ ʬʫʥʢʮʽʶ ʥʘʙʘʛʘʪʦ ʧʨʦʩʪʽʰʝ ʥʽʞ identity, ʚ ʪʝʦʨʽʾ ʪʘʢʘ ʦʧʝʨʘʮʽʷ 

ʜʦʟʚʦʣʷʣʘ ʜʫʞʝ ʧʨʦʩʪʦ ʦʪʨʠʤʘʪʠ identity ʬʫʥʢʮʽʶ ʷʢ ʨʝʟʫʣʴʪʘʪ. 

ɼʣʷ ʧʝʨʝʚʽʨʢʠ ʙʫʣʦ ʧʦʙʫʜʦʚʘʥʦ ʤʝʨʝʞʫ ʛʣʠʙʠʥʦʶ ʚ 34 ʰʘʨʠ ʟ 

ʽʤʧʣʝʤʝʥʪʦʚʘʥʠʤʠ ʚ ʥʽʡ shortcut ʟʚôʷʟʢʘʤʠ. ʈʝʟʫʣʴʪʘʪ ʜʦʚʽʚ ʧʨʘʚʠʣʴʥʽʩʪʴ 

ʦʨʠʛʽʥʘʣʴʥʦʾ ʪʝʦʨʽʾ, ʚʽʜʩʦʪʦʢ ʧʦʤʠʣʦʢ ʷʢ ʚ ʪʨʝʥʫʚʘʣʴʥʦʤʫ ʪʘʢ ʽ ʚ ʪʝʩʪʦʚʦʤʫ ʩʝʪʽ 

ʜʘʥʠʭ ʩʠʣʴʥʦ ʟʥʠʟʠʚʩʷ. ɼʣʷ ʧʝʨʝʚʽʨʢʠ ʣʽʤʽʪʽʚ ʛʣʠʙʠʥʠ ʟ ʪʘʢʠʤʠ ʟʚôʷʟʢʘʤʠ ʙʫʣʦ 

ʥʘʪʨʝʥʦʚʘʥʦ ʤʝʨʝʞʽ ʟ 50, 101 ʪʘ 152-ʤʘ ʰʘʨʘʤʠ, ʚʝʣʠʯʝʟʥʠʡ ʨʦʟʤʽʨ ʧʦʨʽʚʥʷʥʦ ʟ 

ʢʦʥʢʫʨʝʥʪʘʤʠ. ʎʽ ʤʝʨʝʞʽ ʘʚʪʦʨʠ ʥʘʟʠʚʘʶʪʴ ResNet-ʘʤʠ, ʦʩʢʽʣʴʢʠ ʚʦʥʠ 

ʚʠʢʦʨʠʩʪʦʚʫʶʪʴ ʟʘʣʠʰʢʦʚʽ (residual) ʜʘʥʽ ʟ ʧʦʧʝʨʝʜʥʽʭ ʰʘʨʽʚ. ɺ ʷʢʦʩʪʽ 

ʝʢʩʧʝʨʠʤʝʥʪʫ ʜʦʩʣʽʜʥʠʢʠ ʪʘʢʦʞ ʨʦʟʨʦʙʠʣʠ ʤʝʨʝʞʫ ʟ 1202-ʦʤʘ ʰʘʨʘʤʠ, ʽ ʭʦʯʘ ʚ ʥʽʡ 

ʚʽʜʩʦʪʦʢ ʧʦʤʠʣʦʢ ʚ ʪʝʩʪʦʚʦʤʫ ʜʘʪʘʩʝʪʽ ʧʽʜʚʠʱʠʚʩʷ, ʚʽʜʩʦʪʦʢ ʧʦʤʠʣʦʢ ʚ 

ʪʨʝʥʫʚʘʣʴʥʦʤʫ ʩʝʪʽ ʟʘʣʠʰʠʚʩʷ ʥʠʟʴʢʠʤ, ʚʽʜʧʦʚʽʜʥʦ ʙʫʣʦ ʜʦʚʝʜʝʥʦ ʱʦ ʧʦʧʝʨʝʜʥʷ 

ʧʨʦʙʣʝʤʘ ʛʣʠʙʦʢʠʭ ʤʝʨʝʞ ʙʫʣʘ ʫʩʫʥʝʥʘ.  

ʇʽʜʚʠʱʝʥʥʷ ʛʣʠʙʠʥʠ ʟʥʘʯʥʦ ʧʦʢʨʘʱʠʣʦ ʪʦʯʥʽʩʪʴ ʤʝʨʝʞʽ. ʊʝʩʪʠ ʥʘ ILSVRC 

ʧʦʢʘʟʘʣʠ ʨʝʟʫʣʴʪʘʪ 21.43% ʧʦʤʠʣʦʢ ʜʣʷ ResNet-152, ʧʦʨʽʚʥʷʥʦ ʟ 28.07% ʚ VGG-16 

ʈʠʩʫʥʦʢ 6, ʘʨʭʽʪʝʢʪʫʨʘ ʙʝʟ skip-

connections (ʟʣʽʚʘ), ʪʘ ʟ (ʩʧʨʘʚʘ) 
ʈʠʩʫʥʦʢ 9, ʘʨʭʽʪʝʢʪʫʨʘ ʙʝʟ skip-connections ʪʘ ʟ (ʟʣʽʚʘ) ʪʘ ʧʦʨʽʚʥʷʥʥʷ ʚʽʜʩʦʪʢʫ ʧʦʤʠʣʦʢ ʚ ʥʠʭ (ʟʣʽʚʘ) 
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ʪʘ 24.27% ʚ PReLU-net. ʎʝ ʟʥʘʯʥʝ ʧʦʢʨʘʱʝʥʥʷ ʥʘʜʘʣʦ ResNet ʩʪʘʪʫʩ state-of-the-art 

ʤʝʨʝʞʽ, ʽ ResNet-152 ʪʘ ResNet-101 ʚʩʝ ʱʝ ʯʘʩʪʦ ʚʠʢʦʨʠʩʪʦʚʫʶʪʴʩʷ. 

 

3.2.3 HRNet 

HRNet ï ʮʝ ʦʜʥʘ ʟ ʥʘʡʥʦʚʽʰʠʭ backbone ʘʨʭʽʪʝʢʪʫʨ. ɺʦʥʘ ʙʫʣʘ ʨʦʟʨʦʙʣʝʥʘ ʫ 

2019 ʨʦʮʽ ʢʦʤʘʥʜʦʶ ʜʦʩʣʽʜʥʠʢʽʚ Microsoft. ʊʠʧʦʚʽ backbone ʘʨʭʽʪʝʢʪʫʨʠ ʤʘʶʪʴ 

ʧʨʦʙʣʝʤʫ ʟʤʝʥʰʝʥʥʷ ʷʢʦʩʪʽ ʦʨʠʛʽʥʘʣʴʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ. ʎʝ ʚʠʧʣʠʚʘʻ ʟ ʩʘʤʦʛʦ 

ʧʽʜʭʦʜʫ ʟʘʜʘʯʽ, ʨʦʟʤʽʨʠ ʟʦʙʨʘʞʝʥʥʷ ʧʦʩʪʫʧʦʚʦ ʟʤʝʥʰʫʶʪʴʩʷ ʯʠʤ ʛʣʠʙʰʝ ʚ ʤʝʨʝʞʽ 

ʚʦʥʦ ʦʙʨʦʙʣʶʻʪʴʩʷ. ɸʣʝ ʥʘʧʨʠʢʣʘʜ ʜʣʷ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʯʠ ʘʥʘʣʽʟʫ ʧʦʟ ʣʶʜʝʡ 

ʧʦʟʠʮʽʷ ʢʦʞʥʦʛʦ ʧʽʢʩʝʣʶ ʯʘʩʪʦ ʤʘʻ ʩʫʪʪʻʚʝ ʟʥʘʯʝʥʥʷ. ʇʽʜʭʽʜ HRNet, ʧʦʚʥʘ ʥʘʟʚʘ 

ʷʢʦʾ ʻ High Resoltuion Net, ʦʙʽʡʪʠ ʮʶ ʧʨʦʙʣʝʤʫ ʦʙʨʦʙʣʶʶʯʠ ʦʜʨʘʟʫ ʢʽʣʴʢʘ ʨʽʟʥʠʭ 

ʨʦʟʤʽʨʽʚ ʟʦʙʨʘʞʝʥʥʷ ʧʘʨʘʣʝʣʴʥʦ ï ʦʨʠʛʽʥʘʣʴʥʝ ʤʘʡʞʝ ʧʦʚʥʦ ʨʦʟʤʽʨʥʝ ʟʦʙʨʘʞʝʥʥʷ 

(ʟʤʝʥʰʝʥʝ ʫʩʴʦʛʦ ʚ 4 ʨʘʟʠ), ʪʘ ʩʝʨʽʷ ʤʝʥʰʠʭ ʤʘʪʨʠʮʴ. ʗʢ ʽ ʫ ʢʣʘʩʠʯʥʠʭ CNN ʟʽ 

ʟʥʠʞʝʥʥʷʤ ʨʦʟʤʽʨʫ ʨʦʩʪʝ ʢʽʣʴʢʽʩʪʴ ʬʽʣʴʪʨʽʚ. 

ɺ ʢʽʥʮʽ ʢʦʞʥʦʛʦ ʙʣʦʢʫ ʢʦʞʥʠʡ ʟ ʨʦʟʤʽʨʽʚ ʦʙʤʽʥʶʻʪʴʩʷ ʦʪʨʠʤʘʥʠʤʠ 

ʨʝʟʫʣʴʪʘʪʘʤʠ ʟ ʽʥʰʠʤʠ. ɺ ʷʢʦʤʫʩʴ ʩʝʥʩʽ ʮʝʡ ʧʽʜʭʽʜ ʧʦʚʪʦʨʶʻ ʽʜʝʾ, ʱʦ ʙʫʣʠ ʧʨʠʩʫʪʥʽ 

ʈʠʩʫʥʦʢ 10, ʘʨʭʽʪʝʢʪʫʨʘ HRNet 

ʈʠʩʫʥʦʢ 11, ʟʣʠʪʪʷ ʫ HRNet 
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ʱʝ ʚ AlexNet, ʘʣʝ ʪʝʧʝʨ ʚ ʽʥʰʦʤʫ ʢʦʥʪʝʢʩʪʽ. ʆʙʤʽʥ ʽʥʬʦʨʤʘʮʽʻ  ʁʚʽʜʙʫʚʘʻʪʴʩʷ ʯʝʨʝʟ 

ʟʣʠʪʪʷ, ʧʽʜ ʯʘʩ ʷʢʠʭ ʜʣʷ ʟʙʽʣʴʰʝʥʥʷ ʨʦʟʤʽʨʽʚ ʤʘʪʨʠʮʽ ʟʘʩʪʦʩʦʚʫʻʪʴʩʷ ʦʜʠʥʠʯʥʠʡ 

UpSampling2D, ʜʣʷ ʟʤʝʥʰʝʥʥʷ ï ʢʦʥʚʦʣʶʮʽʷ. 

ʅʘ ʩʴʦʛʦʜʥʽʰʥʽʡ ʜʝʥʴ HRNet ʻ ʥʘʡʢʨʘʱʦʶ ʧʦ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʘʨʭʽʪʝʢʪʫʨʦʶ 

ʥʘ ʨʠʥʢʫ. ɸʚʪʦʨʠ ʨʦʟʨʦʙʠʣʠ ʤʝʨʝʞʽ ʜʚʦʭ ʨʽʟʥʠʭ ʩʪʝʧʝʥʽʚ ʛʣʠʙʠʥʠ, w32 ʪʘ w48. ʅʘ 

ʪʝʩʪʫʚʘʥʥʽ ʤʝʨʝʞʘ ʧʦʢʘʟʘʣʘ ʫʩʶ ʩʚʦʶ ʧʦʪʫʞʥʽʩʪʴ, ʜʦʩʷʛʥʫʚʰʠ ʦʮʽʥʢʠ mIoU 81.6 ʥʘ 

ʜʘʪʘʩʝʪʽ Cityscapes ʫ 2019-ʦʤʫ ʨʦʮʽ, ʟ ʚʠʢʦʨʠʩʪʘʥʥʷʤ ʽʤʧʣʝʤʝʥʪʘʮʽʾ ʩʝʛʤʝʥʪʘʮʽʾ 

ʥʘʧʠʩʘʥʦʾ ʮʽʻʶ ʞ ʢʦʤʘʥʜʦʶ. ɺ ʢʽʥʮʽ ʪʦʛʦ ʞ ʨʦʢʫ ʨʝʢʦʨʜ ʟʥʦʚʫ ʙʫʣʦ ʧʦʙʠʪʦ ʚʞʝ 

ʧʦʢʨʘʱʝʥʦʶ ʚʝʨʩʽʻʶ HRNet, HRNetV2+, ʪʝʧʝʨ ʜʦʩʷʛʥʫʚʰʠ 84.5%. ʎʝʡ ʨʝʢʦʨʜ 

ʟʘʣʠʰʘʻʪʴʩʷ ʥʝʧʦʜʦʣʘʥʠʤ ʜʦ ʩʠʭ ʧʽʨ. 

 

3.3 ɯʤʧʣʝʤʝʥʪʘʮʽʾ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ 

ʅʝʟʚʘʞʘʶʯʠ ʥʘ ʚʘʞʣʠʚʽʩʪʴ backbone ʜʣʷ ʟʘʛʘʣʴʥʦʛʦ ʧʦʢʨʘʱʝʥʥʷ ʪʦʯʥʦʩʪʽ 

ʢʦʥʚʦʣʶʮʽʡʥʠʭ ʤʝʨʝʞ, ʙʝʟ ʧʦʪʫʞʥʦʾ ʽʤʧʣʝʤʝʥʪʘʮʽʾ ʨʽʰʝʥʥʷ ʟʘʜʘʯʽ ʮʝ ʣʠʰʝ ʧʽʚ 

ʧʨʦʮʝʩʫ. ɺ ʥʘʩʪʫʧʥʦʤʫ ʩʝʛʤʝʥʪʽ ʙʫʜʝ ʨʦʟʛʣʷʥʫʪʦ ʽʤʧʣʝʤʝʥʪʘʮʽʾ ʩʝʛʤʝʥʪʘʮʽʾ 

ʟʦʙʨʘʞʝʥʴ.  

 

3.3.1 U-Net 

U-Net ï ʮʝ ʧʦʚʥʽʩʪʶ ʢʦʚʥʦʣʶʮʽʡʥʘ ʤʝʨʝʞʘ (ʩʢʣʘʜʘʻʪʴʩʷ ʧʦʚʥʽʩʪʶ ʟ 

ʢʦʚʥʦʣʶʮʽʡʥʠʭ ʰʘʨʽʚ, ʙʝʟ dense), ʩʪʚʦʨʝʥʘ ʟʘ ʜʠʟʘʡʥʦʤ encoder-decoder. ʉʫʪʴ 

ʜʠʟʘʡʥʫ ʚ ʜʚʦʭ ʢʨʦʢʦʚʽʡ ʩʠʩʪʝʤʽ. ʇʝʨʰʘ ï ʢʦʜʫʚʘʥʥʷ (encoding), ʚʠʜʦʙʫʚʘʥʥʷ ʪʘ 

ʪʨʝʥʫʚʘʥʥʷ ʬʽʣʴʪʨʽʚ, ʷʢ ʽ ʚ ʙʫʜʴ-ʷʢʽʡ ʽʥʰʽʡ CNN. ʎʝʡ ʝʪʘʧ ʤʘʻ ʩʝʥʩ ʨʝʘʣʽʟʦʚʫʚʘʪʠ 

ʚʠʢʦʨʠʩʪʦʚʫʶʯʠ ʦʜʥʫ ʟ ʧʨʝʪʨʝʥʦʚʘʥʠʭ backbone ʤʝʨʝʞ, ʥʘʧʨʠʢʣʘʜ VGG ʯʠ ResNet. 

ɼʨʫʛʠʡ ʢʨʦʢ, ʜʝʢʦʜʫʚʘʥʥʷ (decoding), ʧʨʦʚʦʜʠʪʴ upsampling ʦʪʨʠʤʘʥʦʾ ʚ 

ʧʦʧʝʨʝʜʥʴʦʤʫ ʢʨʦʮʽ feature map. ʆʩʪʘʥʥʽʡ ʝʪʘʧ ï ʢʦʥʚʦʣʶʮʽʷ 1x1. ɺ ʨʝʟʫʣʴʪʘʪʽ 

ʦʪʨʠʤʫʻʪʴʩʷ ʤʘʪʨʠʮʷ ʟ ʪʠʤʠ ʩʘʤʠʤ ʚʠʩʦʪʦʶ ʪʘ ʰʠʨʠʥʦʶ ʱʦ ʽ ʚʭʽʜʥʘ, ʘʣʝ ʟ 

ʛʣʠʙʠʥʦʶ ʨʽʚʥʦʶ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʽʚ. 
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ɺʘʨʪʦ ʟʘʟʥʘʯʠʪʠ, ʱʦ ʭʦʯ ʢʦʥʚʦʣʶʮʽʡʥʽ ʰʘʨʠ ʧʨʠ ʜʝʢʦʜʽʥʛʫ ʽʜʝʥʪʠʯʥʽ 

ʢʦʥʚʦʣʶʮʽʡʥʠʤ ʰʘʨʘʤ, ʚʠʢʦʨʠʩʪʘʥʠʤ ʥʘ ʧʦʧʝʨʝʜʥʴʦʤʫ ʢʨʦʮʽ, ʧʨʦʮʝʩ ʟʙʽʣʴʰʝʥʥʷ 

ʟʦʙʨʘʞʝʥʥʷ ʥʘ ʝʪʘʧʽ upsample-ʽʥʛʫ ʪʨʦʭʠ ʚʽʜʨʽʟʥʷʻʪʴʩʷ ʚʽʜ max pooling-ʫ. ɭ ʜʚʘ 

ʝʢʚʽʚʘʣʝʥʪʥʦ ʜʽʡʩʥʠʭ ʧʽʜʭʦʜʠ (ʷʢ ʚʦʥʠ ʚʠʟʥʘʯʝʥʽ ʫ keras): 

¶ UpSampling2D 

¶ Conv2DTranspose 

UpSampling2D ʟ ʷʜʨʦʤ 2x2 ʧʨʦʭʦʜʠʪʴ ʧʦ ʢʦʞʥʦʤʫ ʧʽʢʩʝʣʶ ʚʭʽʜʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʪʘ ʽʥʪʝʨʧʦʣʶʻ ʾʭ ʟʥʘʯʝʥʥʷ ʥʘ ʚʠʭʽʜʥʫ ʤʘʪʨʠʮʶ ʢʚʘʜʨʘʪʦʤ 2x2. ʇʣʶʩ 

ʮʴʦʛʦ ʧʽʜʭʦʜʫ ʚ ʧʨʦʩʪʦʪʽ. ɯʥʰʠʡ, ʙʽʣʴʰ ʧʦʧʫʣʷʨʥʠʡ ʧʽʜʭʽʜ ʮʝ Conv2DTranspose. ɺʽʥ 

ʙʽʣʴʰʝ ʩʭʦʞʠʡ ʥʘ ʢʦʥʚʦʣʶʮʽʡʥʠʡ ʰʘʨ, ʘʣʝ ʚʭʽʜʥʽ ʜʘʥʽ ʧʝʚʥʠʤ ʯʠʥʦʤ 

ʤʦʜʠʬʽʢʫʶʪʴʩʷ ʰʣʷʭʦʤ ʜʦʜʘʥʥʷ ʨʽʟʥʦʛʦ padding-ʫ. ɿʥʘʯʝʥʥʷ ʧʽʢʩʝʣʶ ʨʘʭʫʻʪʴʩʷ ʪʘʢ 

ʩʘʤʦ, ʯʝʨʝʟ ʤʥʦʞʝʥʥʷ ʤʘʪʨʠʮʴ. ʎʝʡ ʚʘʨʽʘʥʪʘ ʜʦʜʘʻ ʱʝ ʦʜʠʥ ʪʨʝʥʫʚʘʙʝʣʴʥʠʡ ʰʘʨ, 

ʜʘʻ ʤʦʞʣʠʚʽʩʪʴ ʤʝʨʝʞʽ ʚʠʟʥʘʯʠʪʠ ʥʘʡʚʘʞʣʠʚʽʰʽ ʭʘʨʘʢʪʝʨʠʩʪʠʢʠ.  

ɸʨʭʽʪʝʢʪʫʨʘ U-Net ʚ ʮʽʣʦʤʫ ʚʽʜʧʦʚʽʜʘʻ ʪʠʧʦʚʽʡ encoder-decoder ʤʝʨʝʞʽ. ɸʣʝ 

ʚʝʣʠʢʘ ʚʽʜʤʽʥʥʽʩʪʴ ʾʾ ʚ ʚʠʢʦʨʠʩʪʘʥʥʽ ʧʝʚʥʦʛʦ ʨʦʜʫ skip ʟôʻʜʥʘʥʴ, ʷʢʽ ʚʠʢʦʥʫʶʪʴ 

ʈʠʩʫʥʦʢ 12, ʘʨʭʽʪʝʢʪʫʨʘ U-Net 
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ʢʦʥʢʘʪʝʥʘʮʽʶ ʰʘʨʫ ʟ ʝʥʢʦʜʽʥʛʫ ʪʘ ʥʦʚʦʛʦ ʰʘʨʫ, ʦʪʨʠʤʘʥʦʛʦ ʟ upsampleing-ʫ. ʏʝʨʝʟ 

ʮʽ ʟʚôʷʟʢʠ ʤʝʨʝʞʫ ʟʦʙʨʘʞʘʶʪʴ ʫ ʚʠʛʣʷʜʽ ʣʽʪʝʨʠ ñUò, ʟʚʽʜʢʠ ʡ ʧʦʭʦʜʠʪʴ ʾʾ ʥʘʟʚʘ. 

ʆʜʥʝ ʮʽʢʘʚʝ ʨʽʰʝʥʥʷ ʦʨʠʛʽʥʘʣʴʥʦʾ ʤʝʨʝʞʽ ʫ ʬʦʨʤʘʪʽ padding-ʫ, ʟʘʤʽʩʪʴ ʪʦʛʦ 

ʱʦʙ ʜʦʜʘʚʘʪʠ ʧʝʚʥʫ ʢʽʣʴʢʽʩʪʴ ʧʽʢʩʝʣʽʚ ʜʦ ʤʘʪʨʠʮʽ ʥʘ ʝʪʘʧʽ ʢʦʥʚʦʣʶʮʽʾ, ʙʫʣʦ ʜʦʜʘʥʦ 

ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʚʽʜʜʟʝʨʢʘʣʝʥʠʭ ʧʽʢʩʝʣʽʚ ʥʘ ʢʨʘʷʭ ʟʦʙʨʘʞʝʥʥʷ, ʷʢʽ ʧʦʩʪʫʧʦʚʦ, ʯʝʨʝʟ 

ʚʠʢʦʨʠʩʪʘʥʥʷ ñvalidò padding-ʫ, ʟʥʠʢʘʶʪʴ ʧʨʠ ʢʦʥʚʦʣʶʮʽʾ. ʈʝʟʫʣʴʪʫʶʯʝ ʟʦʙʨʘʞʝʥʥʷ 

ʤʝʥʰʝ ʥʽʞ ʚʭʽʜʥʝ, ʧʨʦʪʝ ʚʪʨʘʯʝʥʽ ʧʽʢʩʝʣʽ ʫʩʽ ʙʫʣʠ ʰʪʫʯʥʦ ʜʦʜʘʥʽ. ʏʝʨʝʟ ʮʝʡ ʝʬʝʢʪ 

ʜʦʚʦʜʠʪʴʩʷ ʦʙʨʽʟʘʪʠ ʤʘʪʨʠʮʽ ʥʘ skip ʟôʻʜʥʘʥʥʷʭ ʜʦ ʪʦʛʦ ʞ ʨʦʟʤʽʨʫ ʱʦ ʽ ʤʘʪʨʠʮʷ 

ʦʪʨʠʤʘʥʘ ʧʨʠ ʜʝʢʦʜʽʥʛʫ.  

ʆʨʠʛʽʥʘʣʴʥʝ ʧʨʠʟʥʘʯʝʥʥʷ U-Net ʙʫʣʘ ʩʝʛʤʝʥʪʘʮʽʷ ʟʦʙʨʘʞʝʥʴ ʢʣʽʪʠʥ ʥʘ ʢʣʘʩʠ 

ʢʣʽʪʠʥʘ ʪʘ ʬʦʥ (ʯʝʨʝʟ ʮʝ ʚʠʭʽʜʥʘ ʤʘʪʨʠʮʷ ʤʘʻ ʛʣʠʙʠʥʫ ʣʠʰʝ 2). ʅʘ ñISBI cell tracking 

challengeò 2015 ʨʦʢʫ ʤʝʨʝʞʘ ʜʦʩʷʛʣʘ ʧʦʢʘʟʥʠʢʘ IoU 92%, ʧʦʨʽʚʥʷʥʦ ʟ 83% ʫ ʜʨʫʛʦʛʦ 

ʢʨʘʱʦʛʦ ʨʝʟʫʣʴʪʘʪʫ.   

 

3.4 ɯʤʧʣʝʤʝʥʪʘʮʽʷ U-Net ʟ ʤʝʨʝʞʦʶ backbone ʪʘ ʙʝʟ, ʜʝʤʦʥʩʪʨʘʮʽʷ 

ʨʽʟʥʠʮʽ ʫ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ 

 ʋ ʥʘʩʪʫʧʥʦʤʫ ʨʦʟʜʽʣʽ ʙʫʜʝ ʨʦʟʨʦʙʣʝʥʦ ʪʘ ʧʦʙʫʜʦʚʘʥʦ ʦʧʠʩʘʥʫ ʚʠʱʝ 

ʽʤʧʣʝʤʝʥʪʘʮʽʶ ʜʣʷ ʜʝʤʦʥʪʨʘʮʽʾ ʧʨʦʮʝʩʫ ʩʪʚʦʨʝʥʥʷ ʟʛʦʨʪʢʦʚʦʾ ʤʝʨʝʞʽ ʪʘ ʜʣʷ 

ʙʝʟʧʦʩʝʨʝʜʥʴʦʾ ʜʝʤʦʥʩʪʨʘʮʽʾ ʧʝʨʝʚʘʛʠ ʫ ʚʠʢʦʨʠʩʪʘʥʥʽ backbone ʧʨʝʪʨʝʥʦʚʘʥʠʭ 

ʤʝʨʝʞ. 

 

ʈʠʩʫʥʦʢ 13, ʜʝʤʦʥʩʪʨʘʮʽʷ padding-ʫ ʚ ʦʨʠʛʽʥʘʣʴʥʦʤʫ U-Net 
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3.4.1 ʉʝʨʝʜʘ ʪʘ ʜʘʪʘʩʝʪʠ 

ɼʣʷ ʜʝʤʦʥʩʪʨʘʮʽʾ ʪʘ ʧʦʨʽʚʥʷʥʥʷ ʧʨʦʮʝʩʫ ʩʝʛʤʝʥʪʘʮʽʾ ʟʦʙʨʘʞʝʥʴ ʙʫʣʦ 

ʨʝʘʣʽʟʦʚʘʥʦ ʩʝʨʽʶ ʤʝʨʝʞ ʚ Google Colab. ɼʣʷ ʟʘʜʘʯʽ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ Tensorflow 

ʪʘ Keras. ɼʘʪʘʩʪʝʪʦʤ ʥʘ ʷʢʦʤʫ ʙʫʣʦ ʙ ʧʨʦʚʝʜʝʥʦ ʪʝʩʪʫʚʘʥʥʷ ʦʨʠʛʽʥʘʣʴʥʦ ʤʘʚ ʙʫʪʠ 

Cityscapes Image Pairs, ʜʘʪʘʩʝʪ ʬʦʨʤʘʪʦʤ ʜʫʞʝ ʩʭʦʞʠʡ ʥʘ ʢʣʘʩʠʯʥʠʡ Cityscapes, ʘʣʝ 

ʤʝʥʥʰʠʡ ʽ ʫ ʚʽʜʢʨʠʪʦʤʫ ʜʦʩʪʫʧʽ.  ɿʦʙʨʘʞʝʥʥʷ ʚ ʥʴʦʤʫ ʧʦʜʘʥʽ ʫ ʨʦʟʤʽʨʽ 512x256 ʪʘ 

ʚʢʣʶʯʘʶʪʴ ʚ ʩʝʙʝ ʷʢ ʪʨʝʥʫʚʘʣʴʥʝ ʟʦʙʨʘʞʝʥʥʷ, ʪʘʢ ʽ ʡʦʛʦ ʘʥʦʪʘʮʽʶ. 

ʇʨʦʙʣʝʤʘ ʟ ʷʢʦʶ ʜʦʚʝʣʦʩʷ ʩʪʠʢʥʫʪʠʩʷ ʚ ʧʨʦʮʝʩʽ ʨʦʟʨʦʙʢʠ ʮʝ ʜʫʞʝ ʥʠʟʴʢʘ 

ʷʢʽʩʪʴ ʢʦʣʴʦʨʽʚ ʥʘ ʤʘʩʢʘʭ. ʏʝʨʝʟ ʮʝ ʦʙôʻʢʪʠ ʧʦʤʽʯʝʥʽ, ʥʘʧʨʠʢʣʘʜ, ʯʝʨʚʦʥʠʤ, ʥʝ ʙʫʣʠ 

ʦʜʥʦʪʦʥʥʠʤʠ, ʥʘʪʦʤʽʩʪʴ ʤʘʣʠ ʚʝʣʠʢʫ ʢʽʣʴʢʽʩʪʴ ʚʽʜʪʽʥʢʽʚ ʪʘ ʘʨʪʝʬʘʢʪʽʚ. ɼʣʷ 

ʚʠʨʽʰʝʥʥʷ ʧʨʦʙʣʝʤʠ ʙʫʣʦ ʚʠʧʨʦʙʫʚʘʥʦ ʚʠʢʦʨʠʩʪʘʪʠ ʧʝʚʥʫ ʦʙʨʦʙʢʫ ʟʦʙʨʘʞʝʥʴ, ʱʦʙ 

ʦʪʨʠʤʘʪʠ ʥʝʫʰʢʦʜʞʝʥʽ ʟʦʙʨʘʞʝʥʥʷ. ʇʨʦʪʝ ʮʷ ʧʨʦʙʣʝʤʘ ʚʠʷʚʠʣʘʩʴ ʩʢʣʘʜʥʽʰʦʶ ʥʽʞ 

ʦʯʽʢʫʚʘʣʦʩʴ, ʛʨʘʥʠʮʽ ʤʽʞ ʨʽʟʥʠʤʠ ʢʣʘʩʘʤʠ ʧʦʯʘʣʠ ʩʠʣʴʥʦ ʟʤʽʱʫʚʘʪʠʩʴ,  ʯʝʨʝʟ 

ʚʝʣʠʢʠʡ ʚʽʜʩʦʪʦʢ ʘʨʪʝʬʘʢʪʽʚ ʙʽʣʷ ʥʠʭ. 

ʏʝʨʝʟ ʮʝ ʙʫʣʦ ʚʠʨʽʰʝʥʦ ʚʠʢʦʨʠʩʪʘʪʠ ʽʥʰʠʡ ʜʘʪʘʩʝʪ, ʢʦʥʢʨʝʪʥʽʰʝ ADE20K. 

ʎʝʡ ʜʘʪʘʩʝʪ ʻ ʟʥʘʯʥʦ ʙʽʣʴʰʠʤ, ʥʘʨʘʭʦʚʫʻ ʚ ʩʦʙʽ 20 ʪʠʩʷʯ ʨʽʟʥʦʤʘʥʽʪʥʠʭ ʟʦʙʨʘʞʝʥʴ 

ʜʣʷ ʩʝʤʘʥʪʠʯʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ. ʋʩʽ ʟʦʙʨʘʞʝʥʥʷ ʜʫʞʝ ʯʽʪʢʦ ʘʥʦʪʦʚʘʥʽ. ɺʩʴʦʛʦ ʚ 

ʈʠʩʫʥʦʢ 14, ʧʨʠʢʣʘʜʠ ʝʣʝʤʝʥʪʽʚ ʜʘʪʘʩʝʪʫ Cityscapes Image Pairs 
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ʜʘʪʘʩʝʪʽ 150 ʩʝʤʘʥʪʠʯʥʠʭ ʢʘʪʝʛʦʨʽʡ ʜʣʷ ʦʙôʻʢʪʽʚ ʘʙʩʦʣʶʪʥʦ ʨʽʟʥʦʛʦ ʪʠʧʫ: ʥʝʙʦ, 

ʣʶʜʠʥʘ, ʣʽʞʢʦ, ʪʦʱʦ. ʅʘʡʙʽʣʴʰʠʤ ʥʝʜʦʣʽʢʦʤ ʜʘʪʘʩʝʪʫ ʻ ʡʦʛʦ ʥʠʟʴʢʘ ʷʢʽʩʪʴ 

ʟʦʙʨʘʞʝʥʴ (ʫʩʴʦʛʦ 128x128). ɼʦ ʪʦʛʦ ʞ ʚʝʣʠʢʘ ʢʽʣʴʢʽʩʪʴ ʢʣʘʩʠʬʽʢʦʚʘʥʠʭ ʦʙôʻʢʪʽʚ ʻ 

ʩʢʣʘʜʥʽʰʠʤ ʟʘʚʜʘʥʥʷʤ ʜʣʷ ʢʦʥʚʦʣʶʮʽʡʥʦʾ ʤʝʨʝʞʽ, ʚʽʜʧʦʚʽʜʥʦ ʽ ʢʽʣʴʢʽʩʪʴ ʝʧʦʭ 

ʥʝʦʙʭʽʜʥʘ ʜʣʷ ʛʘʨʥʦʾ ʪʦʯʥʦʩʪʽ ʙʫʜʝ ʙʽʣʴʰʘ.  

 

3.4.2 ʇʝʨʝʥʝʩʝʥʥʷ ʜʘʪʘʩʝʪʫ ʚ ʩʝʨʝʜʽ Colab 

ʇʝʨʰʠʤ ʢʨʦʢʦʤ ʙʫʣʦ ʟʘʚʘʥʪʘʞʝʥʥʷ ʜʘʪʘʩʝʪʫ ʚ ʩʝʨʝʜ Colab. ɸʙʠ ʥʝ ʙʫʪʠ 

ʧʨʠʚôʷʟʘʥʠʤ ʜʦ ʩʠʩʪʝʤʠ ʥʘ ʷʢʽʡ ʟʘʧʫʩʢʘʻʪʴʩʷ ʜʘʪʘʩʝʪ, ʡʦʛʦ ʙʫʣʦ ʟʘʚʘʥʪʘʞʝʥʦ ʥʘ 

Google Drive, ʟʚʽʜʢʠ ʩʠʩʪʝʤʘ Colab ʤʦʞʝ ʟʘʚʘʥʪʘʞʠʪʠ ʡʦʛʦ ʥʘʧʨʷʤʫ. ʂʨʽʤ 

ʤʦʞʣʠʚʦʩʪʽ ʚʽʣʴʥʦ ʟʤʽʥʶʚʘʪʠ ʨʦʙʦʯʽ ʤʘʰʠʥʠ ʟʘ ʧʦʪʨʝʙʦʶ, ʟʘʚʘʥʪʘʞʝʥʥʷ ʪʘ 

ʟʙʝʨʝʞʝʥʥʷ ʜʘʪʘʩʝʪʫ ʥʘ Google Drive ʪʘʢʦʞ ʧʨʠʙʠʨʘʻ ʧʦʪʨʝʙʫ ʟʘʚʘʥʪʘʞʫʚʘʪʠ 

ʜʘʪʘʩʝʪ ʧʨʠ ʚʽʜʢʣʶʯʝʥʥʽ ʚʽʜ ʭʤʘʨʥʦʾ ʤʘʰʠʥʠ, ʥʘ ʷʢʽʡ ʧʨʘʮʶʻ ʩʝʨʝʜʦʚʠʱʝ Colab. 

ʅʘʩʪʫʧʥʠʡ ʢʨʦʢ ʧʽʩʣʷ ʦʪʨʠʤʘʥʥʷ ʜʘʪʘʩʝʪʫ ï ʟʘʚʘʥʪʘʞʠʪʠ ʡʦʛʦ ʚ ʩʝʨʝʜʦʚʠʱʝ 

ʪʘ ʦʧʨʘʮʶʚʘʪʠ ʚ ʧʦʪʨʽʙʥʠʡ ʩʧʦʩʽʙ. ɼʣʷ ʟʙʝʨʝʞʝʥʥʷ ʜʘʪʘʩʝʪʫ best practice ʧʽʜʭʽʜ ï ʮʝ 

ʩʧʝʮʽʘʣʽʟʦʚʘʥʠʡ ʦʙôʻʢʪ tensorflow.Dataset. ɼʣʷ ʩʧʨʦʱʝʥʥʷ ʡʦʛʦ ʩʪʚʦʨʝʥʥʷ ʙʫʣʦ 

ʚʠʢʦʨʠʩʪʘʥʦ list_files, ʬʫʥʢʮʽʷ ʷʢʘ ʟʘ ʥʘʜʘʥʠʤ ʰʣʷʭʦʤ ʟʙʠʨʘʻ ʫʩʽ ʧʽʜʭʦʜʷʱʽ ʬʘʡʣʠ.  

ʇʨʠ ʛʝʥʝʨʘʮʽʾ ʚʘʞʣʠʚʦ ʚʢʘʟʘʪʠ ʦʜʥʘʢʦʚʠʡ ʩʪʘʪʠʯʥʠʡ seed ʜʣʷ ʪʨʝʥʫʚʘʣʴʥʦʛʦ ʜʘ 

ʚʘʣʽʜʘʮʽʡʥʦʛʦ ʜʘʪʘʩʝʪʽʚ, ʷʢʠʡ ʙʫʜʝ ʚʠʟʥʘʯʘʪʠ ʧʦʨʷʜʦʢ ʚ ʷʢʦʤʫ ʟʦʙʨʘʞʝʥʥʷ 

ʟʙʠʨʘʶʪʴʩʷ ʚ ʜʘʪʘʩʝʪ. ʋʩʫʚʘʪʠ ʙʫʜʴ-ʷʢʽ ʚʠʧʘʜʢʦʚʽ ʝʣʝʤʝʥʪʠ ʚʚʘʞʘʻʪʴʩʷ ʛʘʨʥʦʶ 

ʈʠʩʫʥʦʢ 15, ʧʨʠʢʣʘʜʠ ʟʦʙʨʘʞʝʥʴ ʟ ADE20K ʪʘ ʾʭ ʤʘʩʦʢ 
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ʧʨʘʢʪʠʢʦʶ ʚ ʥʝʡʨʦʥʥʠʭ ʤʝʨʝʞʘʭ, ʘʜʞʝ ʜʦʟʚʦʣʷʻ ʚ ʨʘʟʽ ʧʦʤʠʣʢʠ ʘʙʦ ʨʽʟʢʦʛʦ 

ʧʦʛʽʨʰʝʥʥʷ ʧʨʦʜʫʢʪʠʚʥʦʩʪʽ ʤʝʨʝʞʽ ʜʫʞʝ ʰʚʠʜʢʦ ʽ ʧʨʦʩʪʦ ʾʾ ʚʽʜʪʚʦʨʠʪʠ ʪʘ ʚʠʨʽʰʠʪʠ. 

 

3.4.3 ʆʧʠʩ ʘʨʭʽʪʝʢʪʫʨʠ ʤʦʜʝʣʝʡ 

ʗʢ ʦʩʥʦʚʫ CNN ʙʫʣʦ ʚʟʷʪʦ ʥʘʪʨʝʥʦʚʘʥʫ ʥʘ ImageNet ResNet50, ʱʦ ʜʦʩʪʫʧʥʘ 

ʥʘʧʨʷʤʫ ʟ ʙʽʙʣʽʦʪʝʢʠ Keras. ɺ ʷʢʦʩʪʽ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʙʫʣʦ ʥʘʜʘʥʦ ʪʝʥʟʦʨ inputs 

ʨʦʟʤʽʨʦʤ (256, 256, 3). ɼʦʜʘʪʢʦʚʠʤ ʧʘʨʘʤʝʪʨʦʤ include_top=False  ʦʩʪʘʥʥʽ dense 

ʰʘʨʠ ʤʝʨʝʞʽ ʙʫʣʦ ʧʨʠʙʨʘʥʦ. ɺʘʞʣʠʚʦ ʪʘʢʦʞ ʟʤʽʥʠʪʠ ʧʘʨʘʤʝʪʨ trainable  ʥʘ False  

ʘʙʠ ʧʨʠ ʥʘʚʯʘʥʥʽ ʤʦʜʝʣʽ ʚʘʛʠ backbone ʥʝ ʟʤʽʥʶʚʘʣʠʩʴ. ʈʘʟʦʤ ʟ ʮʠʤ ʪʘʢʦʞ ʙʫʣʦ 

ʩʪʚʦʨʝʥʦ ʚʘʨʽʘʥʪ ʟ ʚʣʘʩʥʦʨʫʯ ʥʘʧʠʩʘʥʦʶ ʤʦʜʝʣʣʶ, ʱʦ ʧʦʚʥʽʩʪʶ ʧʦʚʪʦʨʶʻ ʬʦʨʤʫ 

ʢʣʘʩʠʯʥʦʾ U-Net ʤʦʜʝʣʽ. 

 

3.4.4 ʇʦʧʝʨʝʜʥʷ ʦʙʨʦʙʢʘ ʚʭʽʜʥʠʭ ʜʘʥʠʭ 

ʋ ʚʘʨʽʘʥʪʽ ʟ ʙʝʟ backbone ʙʫʣʦ ʟʘʩʪʦʩʦʚʘʥʦ ʪʠʧʦʚʫ ʥʦʨʤʘʣʽʟʘʮʽʶ ʜʘʥʠʭ ï 

ʟʚʝʜʝʥʥʷ ʟʥʘʯʝʥʴ ʧʽʢʩʝʣʽʚ ʫ ʧʨʦʩʪʽʨ ʚʽʜ 0 ʜʦ 1. ʋ backbone ʚʘʨʽʘʥʪʽ ʞ ʙʫʣʦ 

ʚʠʢʦʨʠʩʪʘʥʦ ʩʧʝʮʽʘʣʴʥʠʡ ʰʘʨ tf . keras . applications . resnet . preprocess _input , 

ʷʢʠʡ ʚʠʢʦʥʫʻ ʢʽʣʴʢʘ ʧʝʨʝʪʚʦʨʝʥʴ, ʥʝʦʙʭʽʜʥʠʭ ʜʣʷ ResNet, ʪʘʢʽ ʷʢ ʩʪʘʥʜʘʨʪʥʘ 

ʥʦʨʤʘʣʽʟʘʮʽʷ, ʧʝʨʝʪʚʦʨʝʥʥʷ ʟʦʙʨʘʞʝʥʥʷ ʟ ʬʦʨʤʘʪʫ RGB ʫ ʬʦʨʤʘʪ BGR, ʪʦʱʦ. 

ʊʘʢʦʞ ʜʦ ʧʝʚʥʦʛʦ ʚʽʜʩʦʪʢʘ ʟʦʙʨʘʞʝʥʴ ʙʫʣʦ ʟʘʩʪʦʩʦʚʘʥʦ ʛʦʨʠʟʦʥʪʘʣʴʥʝ 

ʚʽʜʜʟʝʨʢʘʣʝʥʥʷ. ʅʦʨʤʘʣʽʟʘʮʽʷ ʪʘ ʬʫʥʢʮʽʾ ʟʘʚʘʥʪʘʞʝʥʥʷ ʪʝʩʪʦʚʦʛʦ ʪʘ ʚʘʣʽʜʘʮʽʡʥʦʛʦ 

ʜʘʜʘʩʝʪʽʚ ʙʫʣʠ ʘʥʦʪʦʚʘʥʽ @tf.function . ʎʷ ʘʥʦʪʘʮʽʷ ʙʫʜʫʻ ʟ ʬʫʥʢʮʽʾ ʛʨʘʬ, ʱʦ 

ʧʨʠʰʚʠʜʰʫʻ ʾʾ ʚʠʢʦʥʘʥʥʷ. ʆʩʢʽʣʴʢʠ ʥʦʨʤʘʣʽʟʘʮʽʷ ʧʨʦʚʦʜʠʪʴʩʷ ʜʣʷ ʢʦʞʥʦʛʦ 

ʟʦʙʨʘʞʝʥʥʷ ʚ ʜʘʪʘʩʝʪʽ, ʥʘʚʽʪʴ ʤʽʟʝʨʥʘ ʧʨʠʙʘʚʢʘ ʚ ʰʚʠʜʢʦʩʪʽ ʚʠʢʦʥʘʥʥʷ ʪʘʢʠʭ 

ʥʝʚʝʣʠʢʠʭ ʬʫʥʢʮʽʡ ʜʘʻ ʩʫʪʪʻʚʫ ʨʽʟʥʠʮʶ ʚ ʯʘʩʽ ʚʠʢʦʥʘʥʥʷ ʦʧʝʨʘʮʽʡ. ɼʣʷ 

ʟʘʚʘʥʪʘʞʝʥʥʷ ʪʨʝʥʫʚʘʣʴʥʠʭ ʟʦʙʨʘʞʝʥʴ ʪʘʢʦʞ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʘʨʘʣʝʣʽʟʘʮʽʷ, 

ʢʽʣʴʢʽʩʪʴ ʧʦʪʦʢʽʚ ʚʠʟʥʘʯʘʻʪʴʩʷ ʧʘʨʘʤʝʪʨʦʤ TensorFlow AUTOTUNE. ʎʝʡ ʧʘʨʘʤʝʪʨ 

ʧʝʨʝʢʣʘʜʘʻ ʚʽʜʧʦʚʽʜʘʣʴʥʽʩʪʴ ʟʘ ʦʙʨʘʥʥʷ ʥʝʦʙʭʽʜʥʦʾ ʢʽʣʴʢʦʩʪʽ ʧʦʪʦʢʽʚ ʥʘ TensorFlow, 



28 

 

ʟʘʣʝʞʥʦ ʚʽʜ ʨʝʩʫʨʩʽʚ ʜʦʩʪʫʧʥʠʭ ʩʠʩʪʝʤʽ. ʆʩʦʙʣʠʚʦ ʮʝ ʢʦʨʠʩʥʦ ʚ ʩʝʨʝʜʦʚʠʱʽ Colab, 

ʚ ʷʢʦʤʫ ʨʝʘʣʴʥʝ ʟʘʣʽʟʦ ʥʘ ʷʢʦʤʫ ʚʠʢʦʥʫʶʪʴʩʷ ʦʙʯʠʩʣʝʥʥʷ ʤʦʞʝ ʟʤʽʥʠʪʠʩʷ ʧʨʠ 

ʥʘʩʪʫʧʥʦʤʫ ʟʘʧʫʩʢʫ. 

 

3.4.5 ɺʠʢʦʨʠʩʪʘʥʽ ʽʥʩʪʨʫʤʝʥʪʠ ʨʦʙʦʪʠ ʟ ʜʘʪʘʩʝʪʘʤʠ 

ʅʘʩʪʫʧʥʠʤ ʢʨʦʢʦʤ ʜʦ ʜʘʪʘʩʝʪʫ ʜʦʜʘʻʪʴʩʷ ʚʠʧʘʜʢʦʚʠʡ shuffle, ʷʢʠʡ ʟʤʽʥʶʻ 

ʧʦʨʷʜʦʢ ʚʭʽʜʥʠʭ ʜʘʥʠʭ ʥʘ ʢʦʞʥʽʡ ʝʧʦʩʽ. ɼʣʷ ʧʽʜʪʨʠʤʘʥʥʷ ʧʨʘʢʪʠʢʠ ʫʩʫʚʘʥʥʷ 

ʥʝʧʝʨʝʜʙʘʯʫʚʘʥʠʭ ʚʠʧʘʜʢʦʚʦʩʪʝʡ, ʦʧʠʩʘʥʦʾ ʥʘ ʝʪʘʧʽ ʟʘʚʘʥʪʘʞʝʥʥʷ, ʪʫʪ ʪʘʢʦʞ 

ʚʢʘʟʫʻʪʴʩʷ seed, ʪʘʢʠʡ ʞʝ ʷʢ ʽ ʚ ʧʝʨʰʠʡ ʨʘʟ. ʂʨʽʤ ʪʦʛʦ shuffle ʧʦʪʨʝʙʫʻ ʟʘʜʘʥʦʛʦ 

ʨʦʟʤʽʨʫ ʙʫʬʝʨʫ. ʏʝʨʝʟ ʪʝ ʱʦ ʚʝʣʠʢʽ ʜʘʪʘʩʝʪʠ ʥʝ ʚʤʽʱʫʶʪʴʩʷ ʧʦʚʥʽʩʪʶ ʚ ʦʧʝʨʘʪʠʚʥʫ 

ʧʘʤôʷʪʴ, ʧʝʨʝʤʽʰʫʚʘʪʠ ʾʭ ʢʣʘʩʠʯʥʠʤʠ ʘʣʛʦʨʠʪʤʘʤʠ ʥʝ ʚʠʡʜʝ. ʏʝʨʝʟ ʮʝ TensorFlow 

ʟʘʧʠʩʫʻ ʜʘʥʽ ʫ ʙʫʬʝʨ ʚʢʘʟʘʥʦʛʦ ʨʦʟʤʽʨʫ ʪʘ ʧʦʢʨʦʢʦʚʦ ʦʙʠʨʘʻ ʚʠʧʘʜʢʦʚʠʡ ʝʣʝʤʝʥʪ 

ʷʢʠʡ ʙʫʜʝ ʟʘʤʽʱʝʥʠʡ. ʈʦʟʤʽʨ ʙʫʬʝʨʘ ʩʠʣʴʥʦ ʚʧʣʠʚʘʻ ʥʘ ʨʽʚʝʥʴ ʟʤʽʰʘʥʦʩʪʽ ʜʘʥʠʭ. 

ʅʘʧʨʠʢʣʘʜ ʷʢʱʦ ʙʫʬʝʨ ʤʘʻ ʚʩʴʦʛʦ 1 ʝʣʝʤʝʥʪ, ʧʦʩʣʽʜʦʚʥʽʩʪʴ ʟʘʚʞʜʠ ʙʫʜʝ 

ʦʜʥʘʢʦʚʦʶ. ʏʠʤ ʤʝʥʰʝ ʚ ʥʴʦʤʫ ʝʣʝʤʝʥʪʽʚ, ʪʠʤ ʚʽʜʧʦʚʽʜʥʦ ʤʝʥʰʦʶ ʙʫʜʝ 

ʟʤʽʰʘʥʽʩʪʴ. ʋ ʮʴʦʤʫ ʚʠʧʘʜʢʫ ʜʘʪʘʩʝʪ ʥʝ ʥʘʜʪʦ ʚʝʣʠʢʠʡ ʽ ʤʘʻ ʩʝʥʩ ʡʦʛʦ ʜʦʙʨʝ 

ʟʤʽʰʫʚʘʪʠ ʥʘ ʢʦʞʥʦʤʫ ʢʨʦʮʽ, ʪʦʤʫ ʨʦʟʤʽʨ ʙʫʬʝʨʫ ʙʫʣʦ ʦʙʨʘʥʦ ʫ 1000 ʝʣʝʤʝʥʪʽʚ. 

ʋ ʮʽʡ ʤʝʨʝʞʽ ʪʘʢʦʞ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ ʽʥʩʪʨʫʤʝʥʪ repeat(). ɿʘʚʜʷʢʠ ʥʴʦʤʫ 

ʤʦʞʥʘ ʧʦʚʪʦʨʶʚʘʪʠ ʜʘʪʘʩʝʪ ʢʽʣʴʢʘ ʨʘʟʽʚ ʥʘ ʢʦʞʥʽʡ ʝʧʦʩʽ. ʇʨʦʪʝ ʚ ʮʝʡ ʨʘʟ ʢʽʣʴʢʽʩʪʴ 

ʧʦʚʪʦʨʽ ʥʝ ʙʫʣʘ ʚʢʘʟʘʥʘ, ʟ ʮʽʣʣʶ ʟʘʮʠʢʣʠʪʠ ʜʘʪʘʩʝʪ ʫ ʥʝʩʢʽʥʯʝʥʥʠʡ ʛʝʥʝʨʘʪʦʨ. ʊʘʢʠʡ 

ʧʽʜʭʽʜ ʜʦʟʚʦʣʷʻ ʥʝ ʢʦʥʪʨʦʣʶʚʘʪʠ ʢʽʣʴʢʽʩʪʴ ʦʙʨʦʙʣʶʚʘʥʠʭ ʝʣʝʤʝʥʪʽʚ ʥʘ ʝʪʘʧʽ 

ʥʘʣʘʰʪʫʚʘʥʥʷ ʤʝʨʝʞʽ, ʥʘʪʦʤʽʩʪʴ ʨʝʛʫʣʶʚʘʥʥʷ ʚʽʜʙʫʚʘʻʪʴʩʷ ʧʨʷʤʦ ʥʘ ʝʪʘʧʽ 

ʪʨʝʥʫʚʘʥʥʷ. ɺ ʮʴʦʤʫ ʚʠʧʘʜʢʫ ʮʝ ʜʦʟʚʦʣʷʻ ʧʦʚʥʽʩʪʶ ʚʠʢʦʨʠʩʪʦʚʫʚʘʪʠ ʫʩʽ ʙʘʪʯʽ, ʥʝ 

ʟʘʣʠʰʘʶʯʠ ʦʩʪʘʥʥʽʡ ʥʘ ʧʦʣʦʚʠʥʫ ʧʦʨʦʞʥʽʤ. ʑʦʜʦ ʩʘʤʠʭ ʙʘʪʯʽʚ ʜʘʥʠʭ, ʘʙʦ ʟʘ 

ʽʥʘʢʰʦʶ ʥʘʟʚʦʶ ʧʘʨʪʽʡ ʜʘʥʠʭ, ʪʦ ʮʝ ʽʥʩʪʨʫʤʝʥʪ, ʷʢʠʡ ʜʦʟʚʦʣʷʻ ʦʙʨʦʙʣʶʚʘʪʠ ʦʜʨʘʟʫ 

ʢʽʣʴʢʘ ʟʦʙʨʘʞʝʥʴ ʦʜʥʦʯʘʩʥʦ. ɽʬʝʢʪʠʚʥʽʩʪʴ ʜʦʩʷʛʘʻʪʴʩʷ ʧʘʨʥʦʶ ʨʦʙʦʪʦʶ CPU ʪʘ 

GPU. ʇʨʦʮʝʩʦʨ ʧʽʜʛʦʪʦʚʣʶʻ ʥʘʩʪʫʧʥʠʡ ʙʘʪʯ, ʧʦʢʠ ʛʨʘʬʽʯʥʠʡ ʧʨʦʮʝʩʦʨ ʪʨʝʥʫʻ 
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ʤʝʨʝʞʫ. ʊʘʢʠʤ ʯʠʥʦʤ GPU ʥʝ ʧʨʦʩʪʦʶʻ ʙʝʟ ʨʦʙʦʪʠ, ʧʦʢʠ ʟʙʠʨʘʻʪʴʩʷ ʥʘʩʪʫʧʥʘ 

ʧʘʨʪʽʷ. ʈʦʟʤʽʨ ʙʫʬʝʨʫ ʩʫʮʽʣʴʥʦ ʟʘʣʝʞʠʪʴ ʚʽʜ ʧʦʪʫʞʥʦʩʪʽ ʩʠʩʪʝʤʠ, ʘʣʝ ʯʠʤ ʙʽʣʴʰʽ 

ʙʘʪʯʽ ʟʘ ʨʦʟʤʽʨʦʤ, ʪʠʤ ʤʝʥʰʝ ʽʪʝʨʘʮʽʡ ʚ ʢʦʞʥʽʡ ʝʧʦʩʽ ʽ ʪʠʤ ʰʚʠʜʰʝ ʚʠʢʦʥʫʶʪʴʩʷ 

ʦʙʯʠʩʣʝʥʥʷ. ʆʩʪʘʥʥʽʡ ʧʘʨʘʤʝʪʨ ʚʠʟʥʘʯʝʥʠʡ ʥʘ ʜʘʪʘʩʝʪʽ ï ʨʦʟʤʽʨ prefetch-ʫ. Prefetch 

ʽʜʝʻʶ ʩʭʦʞʠʡ ʥʘ ʙʘʪʯ ʜʘʥʠʭ, ʡʦʛʦ ʮʽʣʣʶ ʪʘʢʦʞ ʻ ʟʤʝʥʰʠʪʠ ʯʘʩ ʧʨʦʩʪʦʶ ʤʽʞ ʝʪʘʧʘʤʠ 

ʦʙʨʦʙʢʠ ʜʘʥʠʭ. 

 

3.4.6 ʆʧʠʩ ʧʦʙʫʜʦʚʠ ʤʦʜʝʣʝʡ 

ʂʣʘʩʠʯʥʘ ʽʤʧʣʝʤʝʥʪʘʮʽʷ U-Net ʤʘʻ ʚ ʩʦʙʽ 4 ʢʦʥʚʦʣʶʮʽʡʥʽ ʛʨʫʧʠ ʚ ʝʥʢʦʜʝʨʽ ʪʘ 

4 ʚ ʜʝʢʦʜʝʨʽ. ResNet ʞʝ ʩʪʠʩʢʘʻ ʟʦʙʨʘʞʝʥʥʷ 5 ʨʘʟʽʚ, ʪʦʤʫ ʜʣʷ ʢʣʘʩʠʯʥʦʾ ʘʨʭʽʪʝʢʪʫʨʠ 

ʟʘʤʽʩʪʴ ʚʠʭʽʜʥʠʭ ʜʘʥʠʭ ʧôʷʪʦʾ ʛʨʫʧʠ ʙʫʜʝ ʚʠʢʦʨʠʩʪʘʥʦ ʚʠʭʽʜʥʽ ʜʘʥʽ ʯʝʪʚʝʨʪʦʾ, 

ʦʜʨʘʟʫ ʧʽʩʣʷ ʦʩʪʘʥʥʴʦʾ ʘʢʪʠʚʘʮʽʾ. ʂʨʽʤ ʪʦʛʦ ʥʝʦʙʭʽʜʥʦ ʦʪʨʠʤʘʪʠ ʤʘʪʨʠʮʽ, ʱʦ ʙʫʜʫʪʴ 

ʢʦʥʢʘʪʝʥʦʚʘʥʽ ʥʘ skip ʟôʻʜʥʘʥʥʷʭ. ʆʪʨʠʤʘʪʠ ʚʠʭʽʜʥʝ ʟʥʘʯʝʥʥʷ ʧʝʚʥʦʛʦ ʰʘʨʫ ʤʝʨʝʞʽ 

ʤʦʞʥʘ ʟʘ ʜʦʧʦʤʦʛʦʶ get_layer .  ʅʘ ʱʘʩʪʷ ʚ ʮʴʦʤʫ ʚʠʧʘʜʢʫ ʥʝ ʪʨʝʙʘ ʨʝʘʣʽʟʦʚʫʚʘʪʠ 

ʦʙʨʽʟʘʥʥʷ ʤʘʪʨʠʮʴ skip ʟôʻʜʥʘʥʴ, ʦʩʢʽʣʴʢʠ ʨʦʟʤʽʨʠ ʚʭʽʜʥʦʛʦ ʟʦʙʨʘʞʝʥʥʷ ʻ 

ʩʪʫʧʝʥʷʤʠ ʜʚʽʡʢʠ.   

ʇʽʩʣʷ ʦʪʨʠʤʘʥʥʷ ʫʩʽʭ ʚʠʭʽʜʥʠʭ ʪʝʥʟʦʨʽʚ ʙʫʜʫʻʪʴʩʷ ʜʝʢʦʜʝʨ ʯʘʩʪʠʥʘ 

ʽʤʧʣʝʤʝʥʪʘʮʽʾ. ʗʢ ʽ ʚ ʢʣʘʩʠʯʥʦʤʫ U-Net ʢʦʞʥʘ ʛʨʫʧʘ ʩʢʣʘʜʘʻʪʴʩʷ ʟ ʪʨʘʥʩʧʦʚʘʥʦʾ 

ʢʦʥʚʦʣʶʮʽʾ (Conv2DTranspose(strides=2, padding="same") ), ʢʦʥʢʘʪʠʥʘʮʽʾ ʟ 

ʚʽʜʧʦʚʽʜʥʠʤ ʪʝʥʟʦʨʦʤ skip ʟôʻʜʥʘʥʴ (Concatenate() ), ʪʘ ʜʚʦʭ ʢʦʥʚʦʣʶʮʽʥʠʭ ʰʘʨʽʚ 

(Conv2D(num_filters, 3, padding="same", activation='relu') ), ʫʩʴʦʛʦ 4 ʛʨʫʧʠ. 

ʆʩʪʘʥʥʽʡ ʢʨʦʢ, 1x1 ʢʦʥʚʦʣʶʮʽʷ ʟ ʢʽʣʴʢʽʩʪʶ ʬʽʣʴʪʨʽʚ ʨʽʚʥʠʡ ʢʽʣʴʢʦʩʪʽ ʢʣʘʩʽʚ 

ʜʘʪʘʩʝʪʫ. ʅʘ ʚʽʜʤʽʥʫ ʚʽʜ ʫʩʽʭ ʽʥʰʠʭ ʰʘʨʽʚ, ʚ ʷʢʠʭ ʬʫʥʢʮʽʷ ʘʢʪʠʚʘʮʽʾ ʮʝ ReLU, ʮʝ ʰʘʨ 

ʤʘʻ ʘʢʪʠʚʘʮʽʶ softmax, ʷʢʘ ʨʦʟʧʦʜʽʣʷʻ ʡʤʦʚʽʨʥʦʩʪʽ ʜʣʷ ʢʦʞʥʦʛʦ ʢʣʘʩʫ. 
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3.4.7 ʊʨʝʥʫʚʘʥʥʷ ʤʦʜʝʣʝʡ 

ʇʽʩʣʷ ʟʽʙʨʘʥʥʷ ʤʦʜʝʣʝʡ, ʾʭ ʙʫʣʦ ʧʝʨʝʚʽʨʝʥʦ ʥʘ ʧʨʘʚʠʣʴʥʽʩʪʴ ʯʝʨʝʟ ʾʭ summary, 

ʧʽʩʣʷ ʯʦʛʦ ʚʦʥʠ ʙʫʣʠ ʩʢʦʤʧʽʣʴʦʚʘʥʽ. ʗʢ ʧʘʨʘʤʝʪʨʠ ʢʦʤʧʽʣʷʮʽʾ ʙʫʣʦ ʚʠʢʦʨʠʩʪʘʥʦ 

ʦʧʪʠʤʽʟʘʪʦʨ Adam, ʥʘʡʧʦʧʫʣʷʨʥʽʰʠʡ ʟʘʨʘʟ ʦʧʪʠʤʽʟʘʪʦʨ, ʟ ʥʠʟʴʢʠʤ (0.0001) ʪʝʤʧʦʤ 

ʥʘʚʯʘʥʥʷ. ʊʘʢʦʞ ʙʫʣʦ ʚʢʘʟʘʥʦ ʬʫʥʢʮʽʶ ʚʪʨʘʪʠ, ʷʢʘ ʚʠʢʦʨʠʩʪʦʚʫʻʪʴʩʷ ʧʨʠ ʥʘʚʯʘʥʥʽ, 

ʙʫʣʦ ʦʙʨʘʥʦ SparseCategoricalCrossentropy  ʷʢ ʥʘʡʧʦʧʫʣʷʨʥʽʰʠʡ ʪʘ 

ʥʘʡʩʪʘʙʽʣʴʥʽʰʠʡ ʚʘʨʽʘʥʪ ʜʣʷ ʙʘʛʘʪʦ ʢʣʘʩʦʚʠʭ ʤʝʨʝʞ. ʇʦ ʟʘʚʝʨʰʝʥʥʶ ʯʠʩʪʘ ʤʦʜʝʣʴ 

U-Net ʚʠʡʰʣʘ ʨʦʟʤʽʨʦʤ ʫ 31 ʤʽʣʴʡʦʥ ʪʨʝʥʦʚʘʥʠʭ ʧʘʨʘʤʝʪʨʽʚ, ʘ ʤʝʨʝʞʘ ʟ backbone 

ResNet ʥʘʣʽʯʫʚʘʣʘ 20 ʤʽʣʴʡʦʥʽʚ ʧʘʨʘʤʝʪʨʽʚ ʟʘʛʘʣʦʤ, ʘʣʝ ʪʽʣʴʢʠ 8.5 ʤʽʣʴʡʦʥʽʚ ʟ ʥʠʭ 

ʧʦʪʨʝʙʫʚʘʣʠ ʪʨʝʥʫʚʘʥʥʷ, ʨʝʰʪʘ ʚʽʜʥʦʩʠʣʘʩʴ ʜʦ ʧʘʨʘʤʝʪʨʽʚ ResNet. 

ʇʝʨʝʜ ʧʦʯʘʪʢʦʤ ʪʨʝʥʫʚʘʥʥʷ ʙʫʣʦ ʧʨʦʚʝʜʝʥʦ sanity check ï ʧʨʦʛʥʦʟ ʤʦʜʝʣʽ ʙʝʟ 

ʙʫʜʴ ʷʢʦʛʦ ʪʨʝʥʫʚʘʥʥʷ ʾʾ ʧʘʨʘʤʝʪʨʽʚ ʪʘ ʧʨʦʛʥʦʟ ʧʽʩʣʷ ʦʜʥʽʻʾ ʝʧʦʭʠ. ʎʽʢʘʚʦ ʟʘʟʥʘʯʠʪʠ 

ʝʬʝʢʪ ʫ ResNet ʥʘ ʥʝʪʨʝʥʦʚʘʥʽʡ ʩʠʩʪʝʤʽ. ʇʦʨʽʚʥʷʥʦ ʟ ʯʠʩʪʠʤ U-Net ʥʘ ʤʘʩʮʽ ResNet 

ʯʽʪʢʦ ʚʠʜʥʦ ʛʨʘʥʽ ʢʦʤʧʣʝʢʩʥʠʭ ʦʙôʻʢʪʽʚ, ʚ ʮʽʣʦʤʫ ʟʦʙʨʘʞʝʥʥʷ ʫ ʙʘʛʘʪʦ ʩʧʦʩʦʙʽʚ 

ʥʘʛʘʜʫʻ ʚʭʽʜʥʝ ʬʦʪʦ. ʎʝ ʯʝʨʝʟ ʧʨʝʪʝʨʥʦʚʘʥʠʡ backbone, ʷʢʠʡ ʚʞʝ ʟʘʨʘʟ ʧʦʢʘʟʫʻ 

ʥʘʷʚʥʽʩʪʴ ʚʝʣʠʢʦʾ ʢʽʣʴʢʦʩʪʽ ʧʨʦʘʥʘʣʽʟʦʚʘʥʠʭ ʬʽʣʴʪʨʽʚ. 

 

 

ʇʽʩʣʷ ʫʩʧʽʰʥʦʛʦ sanity check ʤʦʞʥʘ ʙʫʣʦ ʧʨʠʩʪʫʧʘʪʠ ʜʦ ʪʨʝʥʫʚʘʥʥʷ. ʅʘ 

ʮʴʦʤʫ ʝʪʘʧʽ ʚʠʥʠʢ ʨʷʜ ʧʨʦʙʣʝʤ ʟ ʥʝʙʘʞʘʥʥʷʤ Google Colab ʚʠʜʽʣʷʪʠ ʛʨʘʬʽʯʥʽ 

ʧʨʦʮʝʩʦʨʠ ʧʽʜ ʪʨʝʥʫʚʘʥʥʷ. ʂʽʣʴʢʘ ʩʧʨʦʙ ʪʨʝʥʫʚʘʥʥʷ ʙʝʟ ʥʠʭ ʧʦʢʘʟʘʣʠ ʱʦ ʦʜʥʘ ʝʧʦʭʘ 

ʟʘʡʤʝ ʙʣʠʟʴʢʦ 12-ʪʠ ʛʦʜʠʥ. ʇʽʩʣʷ ʧʝʨʝʥʘʣʘʰʪʫʚʘʥʥʷ ʩʝʨʝʜʦʚʠʱ ʧʽʜ ʚʠʢʦʨʠʩʪʘʥʥʷ 

GPU, ʦʙʠʜʚʽ ʤʝʨʝʞʽ ʟʘʢʽʥʯʠʣʠ ʪʨʝʥʫʚʘʥʥʷ ʪʨʠʚʘʣʽʩʪʶ ʫ 20 ʝʧʦʭ. ʊʘʢʠʡ ʦʙôʻʤ 

ʈʠʩʫʥʦʢ 16, ʥʝʪʨʝʥʦʚʘʥʽ ʧʝʨʝʜʙʘʯʫʚʘʥʥʷ ResNet (ʟʣʽʚʘ) ʪʘ ʯʠʩʪʦʛʦ U-Net (ʩʧʨʘʚʘ) 
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ʪʨʝʥʫʚʘʥʥʷ ʥʝ ʻ ʜʦʩʪʘʪʥʽʤ ʜʣʷ ʩʧʨʘʚʜʽ ʚʨʘʞʘʶʯʠʭ ʨʝʟʫʣʴʪʘʪʽʚ, ʧʨʦʪʝ ʜʦʩʷʛʪʠ ʯʦʛʦʩʴ 

ʙʽʣʴʰʦʛʦ ʚ ʜʦʚʦʣʽ ʣʽʤʽʪʦʚʘʥʦʤʫ ʩʝʨʝʜʦʚʠʱʽ Colab ʚʠʷʚʠʣʦʩʴ ʥʝʧʨʦʩʪʦ. 

 

3.4.8 ʈʝʟʫʣʴʪʘʪʠ ʧʽʩʣʷ ʪʨʝʥʫʚʘʥʥʷ 

ʈʝʟʫʣʴʪʘʪʠ ʚʠʢʦʥʘʥʥʷ ʻ ʥʘʩʪʫʧʥʠʤʠ: 

ʆʩʢʽʣʴʢʠ ʯʠʩʪʘ ʤʝʨʝʞʘ ʤʘʣʘ ʪʨʝʥʫʚʘʪʠʩʴ ʙʝʟ ʧʦʧʝʨʝʜʥʴʦ ʚʠʨʘʭʫʚʘʥʠʭ 

ʟʥʘʯʝʥʴ ʜʣʷ ʝʪʘʧʫ ʝʥʢʦʜʽʥʛʫ, ʾʾ ʪʦʯʥʽʩʪʴ ʟʘʣʠʰʘʻ ʙʘʞʘʪʠ ʢʨʘʱʦʛʦ: 36.75% ʥʘ 

ʪʝʩʪʦʚʦʤʫ ʜʘʪʘʩʝʪʽ ʪʘ 37.38% ʥʘ ʚʘʣʽʜʘʮʽʡʥʦʤʫ. ɿʦʙʨʘʞʝʥʥʷ ʪʘʢʦʞ ʜʝʤʦʥʩʪʨʫʻ 

ʥʝʛʦʪʦʚʥʽʩʪʴ ʤʝʨʝʞʽ ʜʦ ʧʦʚʥʦʮʽʥʥʦʾ ʩʝʛʤʝʥʪʘʮʽʾ, ʭʦʯʘ ʙ ʥʝ ʥʘ ʮʽʡ ʝʧʦʩʽ. ʂʨʽʤ ʪʦʛʦ 

ʚʘʨʪʦ ʚʽʜʤʽʪʠʪʠ ʜʫʞʝ ʧʦʚʽʣʴʥʝ ʟʤʝʥʰʝʥʥʷ loss ʧʘʨʘʤʝʪʨʫ. ʎʝ ʩʚʽʜʯʠʪʴ ʱʦ ʻ 

ʡʤʦʚʽʨʥʽʩʪʴ ʱʦ ʤʦʜʝʣʴ ʥʘʚʯʘʻʪʴʩʷ ʜʫʞʝ ʧʦʚʽʣʴʥʦ. 

ʈʝʟʫʣʴʪʘʪʠ U-Net ʟ backbone ʜʝʤʦʥʩʪʨʫʶʪʴ ʟʥʘʯʥʦ ʢʨʘʱʽ ʨʝʟʫʣʴʪʘʪʠ: 

  

ʈʠʩʫʥʦʢ 17, ʨʝʟʫʣʴʪʘʪʠ ʯʠʩʪʦʛʦ U-Net 

ʈʠʩʫʥʦʢ 18, ʨʝʟʫʣʴʪʘʪʠ ʪʨʝʥʫʚʘʥʥʷ U-Net ʟ backbone ʧʽʩʣʷ 20 ʝʧʦʭ 










