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Il Related works

1. Object Detection

1.1 YOLOV5
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2, Data Augmentation

2.1 Classical Method
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2.2 DCGAN
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2.3 Super Resolution - SRGAN
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lll, The Proposed Scheme
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Table 1. Experiment Environment

Table 2. Experiment Result

0S Window 10 Pro
CPU AMD Ryzen 5 3600
RAM 32 GBytes
Graphic card NVIDIA GeForce RTX 2070 SUPER
Program CUDA 11.7
Library PyTorch 2.0.1

IV. Results and Discussions
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Fig. 1. Object detection results of YOLOV5 using the original COCO
validation dataset (Left) and the proposed technique (Right)
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Fig. 2. Results showing the original image mistakenly identifying
people as dogs (Left), and successfully corrected detections
(Right) achieved by the proposed technique,
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epoch:
100 Precision | Recall | mAP_0.5 mAP_O.S
:0.95
(%)
Data 500 93.7 | 78.9 87.58 63.79
Data 1000 93.34 | 80.76 88.58 65.2
Data 500, 94.05 | 80.77 88.51 66.81
Upscale
Data 1000, 92.63 | 81.66 88.73 65.58
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Fig. 3. Experiment result graph
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V. Conclusions
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