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Intelligent Particle Filter for Real-time Measurement of

Rotary Steerable Drilling Tool System

SHENG Li' LIU Yi-Fan' GAO Ming' ZHOU Dong-Hua®

Abstract To address the real-time measurement challenge of Toolface in rotary steerable drilling tool system, this
paper proposes an intelligent particle filtering algorithm based on deep learning. Initially, the particle selection
mechanism guided by conditional generative adversarial network (CGAN) is established to tackle the issues of
particle impoverishment and degeneracy in particle filtering. In this mechanism, the generator network optimizes
the sampling distribution through adversarial training, producing a high-quality set of particles; The discriminator
evaluates the probability of the generated particles within the true posterior distribution, guiding the particle
weight calculation. Subsequently, the covariance matrix estimator is designed based on a deep residual network
(ResNet) to address the unknown but time-varying noise covariance matrices in complex downhole conditions. This
module is integrated with the CGAN-guided particle filter in an end-to-end manner, forming a closed-loop optimiza-
tion system. The ResNet module benefits from the model information in the particle filtering algorithm and provides
the particle filter with estimates of the covariance matrices. Finally, experiments are conducted on the rotary steer-
able drilling tool platform. The results demonstrate that the proposed algorithm effectively addresses the real-time
measurement issue of Toolface and exhibits higher accuracy compared with existing algorithms.
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