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Abstract Oil and gas gathering station is the core part of oilfield ground engineering construction. As the important link of
gathering and transportation system, the block station has the production characteristics of centralized equipment and successional
production chain, and it is also prone to severe fluctuation of the inflow proportion and equipment operation faults. The diagnosis
of the operation condition for block station is crucial to the oil and gas production system, for the abnormal data of simple
equipment, the station staff can make a preliminary diagnosis, but for a large number of real-time SCADA monitoring data
of the whole station, it is difficult to realize rapid analysis and processing only by experience and knowledge. Compared with
the existing threshold alarm method in oil field, data-driven diagnostic approach is more accurate and intelligent. Among the
data-driven methods, deep learning method which is good at processing massive high-dimensional data, can automatically extract
the nonlinear features of data. Aimed at multiple time series characteristics of data (SCADA) in block station, a fault diagnosis
method is proposed by use deep residual network (DRN). In order to identify and classify the abnormal working conditions of block
station, a diagnostic model was established by taking 36 monitoring variables of the SCADA system in block station as model
input and 5 working conditions as model out. The noise of field data will reduce the ability of the model to identify the working
conditions with fewer samples, wavelet decomposition is used to de-noise the data of the block station to reduce the interference of
equipment acquisition, enhance model diagnostic performance. Naive resampling is used to enlarge the data capacity to alleviate
the difficulty in training the model caused by insufficient sample size of field data. The regularization method is used to punish the
weight vector with large values to avoid the dependence of the model on individual variables. On this basis, eight different DRN
architectures has proposed to select the optimal diagnostic model for the block station, and the correction between various samples
is quantified according to the mutual information method, ensured the validity of the diagnosis results. Verification of real data
in field shows that the method can be used quickly and accurately diagnose process status of block station. The average accuracy
is 97.3%, which are significantly higher than other machine learning method like support vector machine (93%) and multilayer
perceptron (65%). The method has guiding significance for fault diagnosis and anomaly identification of other oil and gas stations.
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Table 3 DRN diagnosed model
layer Model—1 Model—2 Model-3 Model—4 Model-5 Model—-6 Model-7 Model—8
8x8, 6 8x8, 6 3x3, 6 8x8, 6 8x8, 6 3x3, 32 8x8, 6 3x3, 6
convld 1 5x5, 6 — 3x3, 6 3x3, 6 3x3, 6 3x3, 32 3x3, 6 3x3, 6
3x3, 6 3x3, 6 3x3, 6 3x3, 6 3x3, 6 3x3, 32 3x3, 6 3x3, 6
8x8, 12 3x3, 12 8x8, 12 8x8, 12 3x3, 64 8x8, 12 3x3, 12
convld 2 — — 3x3, 12 3x3, 12 3x3, 12 3x3, 64 3x3, 12 3x3, 12
3x3, 12 3x3, 12 3x3, 12 3x3, 12 3x3, 64 3x3, 12 3x3, 12
8x8, 12 3x3, 24
convld 3 — — — — — — 3x3, 12 3x3, 24
3x3, 12 3x3, 24
Global average pool
dense
Softmax
activation Relu sigmoid sigmoid sigmoid Relu Relu sigmoid Relu
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Table 5 Diagnostic result on testing set
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FH VT 26 (ACC) . K 1 % (PRE) R U M (TPR)3 1 91.53 73.26 67.07 132.27
2 93.65 72.98 73.23 196.50
3 94.17 92.56 92.03 198.10
x4 TRHRBEER 4 97.35 95.29 96.46 197.59
Table 4 Confusion matrix of working conditions 5 9523 92 46 94.46 219.15
Confusion matrix ~ Diagnosed Sick Diagnosed Healthy 6 94.70 92.86 90.15 200.04
Sick True positive(TP) False negative(FN) 7 96.29 95.38 93.38 263.65
Healthy False positive(FP) True negatve(TN) 8 94.70 94.95 88.76 276.36
Fo6 KR4 TERMSE(ANKNA—DHERLERE)
Table 6 Model 4 complete architecture parameters (input size is a sample matrix)
ETkd g 28 )% (AN IR H RPN ZAb BNz
1 input — — 10 x 36 — —
2 convld 8x8 6 10x6 b B
3 convld 3x3 6 10x6 = =3
4 convld 3x3 6 10x6 = B
5 residual Ix1 6 10x6 b T
6 convld 8x8 6 10x 12 & B
7 convld 3x3 6 10x 12 J& &
8 convld 3x3 6 10x 12 s T
9 residual Ix1 6 10x6 s =
10 GAP — 1 1x12 — —
11 dense 5 1 I1x5 — —
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Table 7 Comparison of diagnostic results of machine learning algorithms

. DRN SvC CNN FCN MLP
precision train test train test train test train test train test
1 0.98 0.97 0.96 0.95 0.94 0.91 0.98 0.93 0.66 0.66
2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00
3 0.92 0.85 1.00 1.00 1.00 0.92 1.00 0.85 0.00 0.00
4 1.00 1.00 0.93 0.96 1.00 0.96 0.99 0.81 0.00 0.00
5 0.93 0.92 0.95 0.81 0.83 0.64 0.98 0.92 0.00 0.00
total 0.97 0.97 0.95 0.93 0.94 0.80 0.99 0.90 0.65 0.65
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