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Tab.1 Test results of ablation

sl P7% R7% mAP/ % mR/ % mF1/% Fps/

228 HEm)) MR 22 w1 A (5ks™)
YOLOX 94.09 86.58 75.24 83.09 87.16 83.16 89.79 84.47 84.67 16.36
YOLOX + resizer 88.69 88.27 79.56 89.87 88.23 88.10 91.93 88.73 87.04 15.44
YOLOX + add 89.65 89.49 80.34 90.32 91.03 89.13 93.28 90. 16 88.24 14.32
Re - YOLOX 88.91 92.00 81.31 91.16 93.24 91.58 94.23 91.99 89. 67 13.91
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Tab.2 Target recognition results of different models
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Tab.3 Comparison of evaluation indicators of different models

iR P7% R % mAP/ % mR/ % mF1/% Fps/

) R eI A AR HeR4) M R (5k-s™)
CenterNet 95.38 97.56 96.72 51.07 54.05 62.11 80. 48 55.74 71.00 14.38
Faster R — CNN 46.42 74.84 77.00 36.35 78.38 81.05 59.02 65.26 65.67 7.41
YOLOV3 77.38 73.87 73.63 72.71 61.19 52.34 68.28 58.04 67.67 21.44
Re - YOLOX 88.91 92.00 81.31 91.16 93.24 91.58 94.23 91.99 89. 67 13.91
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Re - YOLOX: A YOLOX model for identifying nearshore monitoring
targets improved based on the Resizer model
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Abstract ; Nearshore monitoring covers natural environments and human activities. High — accuracy identification of
nearshore monitoring targets significantly influences the healthy development of the marine economy, the ecological
protection of marine environments, and the prevention and mitigation of marine disasters. The nearshore monitoring
targets feature multiple types, diverse sizes, and uncertainty. The existing identification models suffer low
accuracy, low efficiency, and severe omission of small targets. This study proposed an identification model ( Re —
YOLOX) for nearshore monitoring targets by improving YOLOX using a learnable image resizer model (the Resizer
model ). First, the model training was intensified using the Resizer model to improve the feature learning and
expression abilities and the recall rate of the Re — YOLOX model. Then, the feature pyramid fusion structure of the
YOLOX algorithm was improved to reduce the omission of small targets in the identification. With the nearshore
video data from UAV monitoring as the data set and cars, ships, and piles as monitoring targets, this study
compared the Re — YOLOX model with other models, including CenterNet, Faster R — CNN, YOLOv3, and
YOLOX. The results show that the Re — YOLOX model yielded a mean average precision of 94.23% , a mean
recall of 91.99% , and a mean F1 score of 89.67% , all of which were higher than those of the other models. In
summary , the Re — YOLOX model can improve the target identification accuracy while ensuring target identification
efficiency, thus providing technical support for managing nearshore seas.
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