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Fig.2 Flowchart of model computation for

improved random forests
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Table 2 Comparative test results of different process evaluation models
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Table 4 Comparative test results of of comparison of pruning depth
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Table 5 Comparative test results of model integration approaches
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Table 7 Comparative test results for different time series lengths

i [ 27 F1 < B2/ min HER R/ % F1 5%/ % H I3/ 0 KiH AR/ %
5 88.1 86.5 85.0 88.7
10 92.7 91.3 90. 2 93.1
15 90. 3 88.9 87.5 91.5

£8 TEEHM BrLSTM B LM X L ] 45 R

Table 8 Comparative test results of Bi-LSTM stacked structures with different number of layers
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Fault Diagnosis Based on an Improved CNN-Bi-LSTM Model and Evaluation of

Hydrometallurgical Processes Using an Enhanced Random Forest Model

GUO Jingbo

(Department of Computer Science and Applications , Pingdingshan Vocational and

Technical College s Pingdingshan

467000,China)

Abstract: To address the issues of simplicity and weak generalization in current fault diagnosis models,

an improved CNN-Bi-LSTM model is employed for fault diagnosis in hydrometallurgical processes.

Based on the diagnostic results, an enhanced random forest model is utilized to evaluate the entire

hydrometallurgical process. The results indicate that the fault diagnosis accuracy can reach 90. 7%,

significantly surpassing accuracy of the existing rule-based diagnostic system at the factory(78.4%).

Additionally, the fault detection response time is maintained within 2 seconds, ensuring real-time

monitoring and rapid response during the process.

Key words: CNN-Bi-LSTM ;random forest;numerical simulation;empirical study;fault diagnosis



