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Abstract: To apply the image recognition technology based on deep learning algorithm to the field of oilfield operation site monitoring to
solve the problem of valve operation specification. In this paper,the YOLOvSs network is used as a model for the recognition of valve
normative operations at operation sites, and the problem of obscuring the railings around the valves is solved by image enhancement
methods to produce a dataset of valve operations, which ensures the richness of the dataset. The network is then trained on the dataset of
homemade valve operation classification, and the trained YOLOVS5s network is used to extract the features and location information of dif-
ferent valve operation images of operators to achieve the recognition of valve regulation operation at the job site. After testing, it was
verified that the final detection accuracy of the model reached 93% and the detection speed could achieve real —time results. The
YOLOVSs network—based model for the recognition of regulated valve operations at the job site has high detection accuracy, strong
robustness and fast model computation under different lighting and viewing angles, which meets the actual needs of oilfield operation sites
and solves the safety problems of oilfield operation site employees in valve operation.
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