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x—1 ETILOY—FEA4L - BREREERESTRRE

U—FZA L OFRFfH] 6HREfH] 120 fH] 241
EE AR logcosh MSE logcosh MSE logcosh MSE logcosh MSE
RMSE [m] 0.657 | 0.651 0.568 | 0.564 | 0.471 0.439 | 0.485 0.471
B AHR 88. 6% 86. 9% 86. 4% 83. 8% 81. 1% 86. 7% 90. 4% 88. 9%
0. 5m iR 71. 9% 73.9% | 75.2% 79.1% | 87.6% | 82.7% 78.5% | 84.5%
HEIE AR 76. 8% 77. 0% 78. 5% 75. 1% 80. 5% 84. 5% 86. 0% 86. 6%
L. Om A 5 75.4% | 72.4% | 76.2% | 83.7% | 93.7% | 83.0% | 81.9% | 85.7%
R PR 55.0% | 61.1% | 69.2% | 54.5% | 59.7% | 72.5% | 66.8% | 74.4%
2. 0m i AR 82. 3% 77. 2% 74. 5% 84. 6% 92. 0% 76. 9% 87. 0% 79. 7%
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RIZxE L CIE 80~90%, 2.0m LA EDHEIRIZ% L Tid 70~80%FEE O HHLE - MAR TN ARETH - 7.
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