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Development of a Deep Learning Algorithm for Small Object
Detection in Real-Time
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{Abstract)

Recent deep learning algorithms for object detection in real-time play a crucial role
in various applications such as autonomous driving, traffic monitoring, health care, and
water quality monitoring. The size of small objects, in particular, significantly impacts
the accuracy of detection models. However, data containing small objects can lead to
underfitting issues in models. Therefore, this study developed a deep learning model
capable of quickly detecting small objects to provide more accurate predictions. The
RE-SOD (Residual block based Small Object Detector) developed in this research
enhances the detection performance for small objects by using RGB separation
preprocessing and residual blocks. The model achieved an accuracy of 1.0 in image
classification and an mAP50-95 score of 0.944 in object detection. The performance of
this model was validated by comparing it with real-time detection models such as
YOLOv5, YOLOv7, and YOLOVS.
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Fig. 1 Boxplots for grayscale(GRAY) and RED, GREEN,
BLUE color channels
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Fig. 2 Architecture of Residual Block
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Fig. 3 RE-SOD overall model structure
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Table 1. Performance comparison between YOLO
models and the RE-SOD

Epoch Model mAP50-95 time(s)
YOLOV5 0.632 637
200 YOLOv7 0.505 1,425
YOLOvV8 0.697 306
RE-SOD 0.910 247
YOLOV5 0.643 1,249
300 YOLOv7 0.546 2,127
YOLOvV8 0.699 399
RE-SOD 0.922 384
Yolov5 0.639 1,339
Yolov7 0.533 5,068
500
Yolov8 0.696 673
RE-SOD 0.944 626
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