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Fig.1 The location of Shizuishan hydrological station
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Fig.3 The real-time error of prediction at different times
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Tablel Comparison of evaluation index values

Toviu s i) [ E, MAE
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ELM 0.609 085 235.138478
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ELM 0.487 594 263.176 038
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Table2 Comparison of model prediction efficiency
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