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Ｘｉｅ［１４］ ３．２６４４ ５．０２０５ ２．５０５５ ４．０４３４ １．４５４０ ２．５０２７
Ｂｉｃｕｂｉｃ ２．５２６３ ３．８４６７ １．９５７６ ２．８６１１ １．３３９３ １．９３９７
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ＳＲＣＮＮ［１７］ １．６５８１ ３．３２５３ １．３１３３ ２．１０８９ ０．５８２１ １．００３４
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Ｘｉｅ［１４］ ０．９６９６ ０．９３７３ ０．９７３０ ０．９３８５ ０．９９２２ ０．９８０３
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ＳＲＣＮＮ［１７］ ０．９８６５ ０．９５７６ ０．９８７１ ０．９６４４ ０．９９８０ ０．９９２２
Ｓｏｎｇ［１８］ ０．９８８１ ０．９５９４ ０．９８９２ ０．９７９３ ０．９９８２ ０．９９５３
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r

５　
·¸Ú�Ê

ＬａｓｅｒＳｃａｎ
�.+ÓE°klc!)&'

Ｔａｂｌｅ５　ＱｕａｎｔｉｔａｔｉｖｅａｎａｌｙｓｉｓｏｆｔｈｅｒｅｃｏｎｓｔｒｕｃｔｉｏｎｒｅｓｕｌｔｓｗｉｔｈｔｈｅｄｉｆｆｅｒｅｎｔｍｅｔｈｏｄｓｏｎｔｈｅＬａｓｅｒＳｃａｎｄａｔａｓｅｔ

ＲＭＳＥ ＳＳＩＭ
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ＲＭＳＥ ＳＳＩＭ
０１ ０５ ０９ ０１ ０５ ０９

Ｎｅａｒｅｓｔ １３．８９０６ １１．４４２０ １４．６０９６ ０．９００４ ０．９４４６ ０．９２６８
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oõ�²

４．２９４０ ３．３５３１ ４．１４９６ ０．９６２４ ０．９７８７ ０．９９６０

r

７　
·¸Ú�Ê

ＲＧＢＤ
�.+ÓE°klc!)&'

Ｔａｂｌｅ７　ＱｕａｎｔｉｔａｔｉｖｅａｎａｌｙｓｉｓｏｆｔｈｅｒｅｃｏｎｓｔｒｕｃｔｉｏｎｒｅｓｕｌｔｓｗｉｔｈｔｈｅｄｉｆｆｅｒｅｎｔｍｅｔｈｏｄｓｏｎｔｈｅＲＧＢＤｄａｔａｓｅｔ

ＲＭＳＥ ＳＳＩＭ
０１ ０２ ０６ ０１ ０２ ０６
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