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Table 1 Normalization of PDE parameters RE D WENT — 1 — . (http://tcu-yoshida-
Similarity ratio 1 10,000 lab.org/Inverse HP
Load P [Pa] 10,000 1 /pdf/ouyou_Shuku(consolidation).pdf, ['E
Time ¢ [s] 0~100,000 | 0~10 2022/03/11)
Consolidation coefficient C, [m%s] | 0.00002 0.2
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