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Abstract: Data quality is the basis for the validity and accuracy of data-driven models, and there may be a large number of
anomalies in the raw concrete targets penetration depth data. Therefore, to ensure the accuracy of the subsequent data-driven
model, it is necessary to eliminate the outlier of the raw data. Compared with the traditional anomaly detection method, the
anomaly detection method based on neural network models is more suitable for complex multi-dimensional and unevenly
distributed concrete target penetration depth data. However, relying only on the neural network model to fit the raw
experimental data ignores the abundant and effective expert prior knowledge, which will reduce the accuracy of the model, and
even lead to wrong prediction results due to the limited amount of data of the training sample, data bad pixels, poor data
distribution, etc. To this end, an algorithm for outlier detection of concrete target penetration depth data combined with prior
knowledge was proposed. Firstly, the back propagation (BP) neural network model is used to fit the distribution of the
experiment samples, then the outlier is screened out based on the deviation index, and at last, the anomaly detection
performance of the model is evaluated by the empirical algorithm. Based on the characteristics of the experimental data, the

batch gradient descent combined with the momentum optimization method is selected to improve the stability and efficiency
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during training. Furthermore, by adding domain prior knowledge with the BP neural network model to constrain the fitting of
the sample data, the model can reflect the influence of additional features during training. The research results show that the BP
neural network model is suitable for the outlier detection of the rigid projectile penetrating concrete experiment data. The
fusion of reasonable prior knowledge can improve the detection accuracy and the convergence speed of the model,
furthermore, integrating different prior knowledge will cause different results.
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Table 1 Examples of experimental data

d/m m/kg v/(m-s™) f./MPa N’ x/d
0.01292 0.064 371 13.8 1 9.83
0.0762 59 308 35.1 3 3.04

0.305 191.62 79 39.0 2 0.098
0.01292 0.064 1142 13.8 0 65.79
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Table 2 Data distribution in each velocity range

L X A]/(ms™) HEAEUAS BRI [H]/(mes ™) FEAKUA

[0, 400] 379 (800, 1200] 117

(400, 800] 542 (1200, 1700] 40
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Table 4 Examples of outlier data

Bl s d/m mikg vi(m-s™) f/MPa N x/d /i
306 0.0127 0.0587 399 292 0 9.40
307 0.0127 0.0587 334.9 29.2 0 11.19 FEBRE
308 0.0127 0.0587 453.8 29.2 0 11.04
569 0.05 45 417 135 2 9.9
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Fig.3 Comparison of training losses of the four models
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Table 5 Comparison of the outlier detection performances of the models
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