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Fault Diagnosis of Shale Gas Compressor Based on MKMC-ResCNN

Wang Xin Li Zhigang Li Dingxia Lii Zhuolun Wang Hua Chen Ming Tang Wei

(Chuanging Shale Gas Exploration and Development Project Manager Department, CNPC Chuanging Drilling Engineering Com-
pany Limited)

Abstract: With the expansion of shale gas exploitation scale, the intelligent fault diagnosis of compressor as
core equipment is of great significance to ensure the safe production of energy. To address the challenges of insuffi-
cient feature extraction ability and low efficiency in multi-source signal fusion faced by traditional diagnostic meth-
ods under complex operating conditions, an intelligent diagnosis method for shale gas compressors based on a
Multi-scale Kernel Multi-Channel Residual Convolutional Neural Network (MKMC-ResCNN) was proposed. By
constructing a parallel residual module that integrates three convolutional kernels of [3x3], [5%5] and [7x7], the
hierarchical extraction of multi-scale vibration features was realized. The cross-channel feature fusion mechanism
was used to integrate the six-dimensional sensor data to enhance operational adaptability. The cosine annealing

learning rate scheduling was incorporated to optimize the model convergence process. Relying on the real industrial
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scene, 2 240 sets of multi-channel vibration data including 5 typical fault states (piston wear, piston ring break-
age, valve spring failure, valve plate failure and normal operating conditions) were collected to construct a cross-
operating condition verification system. The test results show that the proposed method achieves an overall accu-
racy of 98. 76% in five fault classification tasks, which is 14. 53 precentage points higher than that of the tradi-
tional SVM model. The multi-channel fusion strategy improves the diagnostic accuracy under variable conditions
by 23.85 precentage points. The comparison with the standard ResCNN shows that the designed multi-scale

module improves the diagnostic accuracy by 4. 51 precentage points. The research results provide a solution with

strong generalization ability for the intelligent operation and maintenance of complex industrial equipment.

Keywords: shale gas compressor; fault diagnosis; deep learning; multi-scale kernel multi-channel ; convolu-

tional neural networks (CNN) ; residual network ; vibration signal
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