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Research on Dam Detection of Optical Remote Sensing Image
Based on Improved YOLOVS
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Abstract; Object detection is an important application in the field of computer vision,and the task of object detection for optical remote
sensing images is also one of the current research hotspots. At this stage,the progress of science and technology has brought a series of
environmental problems at the same time, so environmental protection has gradually become a key issue worthy of attention. The
construction of dams has become an important factor affecting global environmental protection and resource utilization. Monitoring of
dams can provide reference for environmental protection work. In order to carry out the follow—up work of environmental protection and
analyze the position of the dam in the image , we study the dam target detection method in high—resolution optical remote sensing images,
and compare the typical target detection models in three stages of deep learning. According to the experimental results the YOLOVS
general target detection model with higher accuracy is selected,and according to the complex characteristics of the remote sensing image
background combined with the CBAM attention mechanism ,the network’ s focus on the dam target in the image is improved. Extract
images containing dam targets in the DIOR optical remote sensing target detection dataset and verify the model accuracy. Experiments
show that YOLOV5-CBAM has stronger computing power than YOLOVS5 without significantly increasing the model size,,and the AP50 of
YOLOVS can reach 86.4% ,which is 3.2 percentage points higher than that of the model using only YOLOVS.
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