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1, YOLO(You Only Look Once)
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Fig. 1. Difference between 1-stage detector
and 2-stage detector
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1.1 CNN(Convolutional Neural Network)

YOLOE CNN&- 7[Rke 2 g A ©2] Hellolct. CNN o[n]#]
o) 37 54 st o m3Eel | B TEE R
glolo], &3l 3k E dlolo] 55 T3l B oP[A| vlefefeik]
Z93F AJBE FE3) YOLOE o218k CNNe| 542 &-831
7} o] o] ARl FEhA BAlska RRdlkt

12 S5t 2|

YOLO9] 52 feh= vhaat 2tk 1) 8 onjxE S x S¢}
B2 B3 A7)e] TE=(grid)= vhett 2) 7t =) el
TE= FUE FHeR nE] Aod Fel(predefined shape)=. A8
B 7ARERz0] g oESIaL o 7Nk R 1= confidence)E-
AL 3) =& =g 71 f1xE e s o] ARls
QA2BICN7). ole} 2 YOLOE 7|] H3det 23 7% 4+
2] . Jos FE8 G 9 AT 25 7L dck

2, PyTorch
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Fig. 2. Model structure differences in YOLOvV5

lll. Proposed Method
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Fig. 3. Proposed system structure
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IV, EXPERIMENTAL RESULTS
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Fig. 3. Loss of the training set output as a result
of object detection model learning
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Fig. 4. Object detection model training results

Fig. 5. Results of trademark detection system

V. Conclusions
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